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Abstract:
Am biguity and the C om putational Feasibility o f  Syntax A cquisition

by

W illiam Gregory Sakas 

Advisor: Professor V irg in ia  T e lle r

The  thesis presents a fram ew ork  that can be used fo r  empirical and fo rm a l analysis o f  

parameter setting models o f  language acquisition. Such m odels a ttem pt to  m irro r 

com putationa lly  the process by  w h ich  ch ild ren  acquire the gram m ar o f  the ir native 

language. Research in to  fo rm a l language learn ing theory standardly focuses on issues 

o f  leamability — Under w ha t cond itions is learn ing possible? The thesis contributes to  

the im portan t, but under-investigated question o f  feasibility — Is acquisition possible 

w ith in  a reasonable am oun t o f  tim e a n d /o r  w ith  a reasonable am oun t o f  work? The 

proposed fram ew ork form alizes existing no tions such as the rate o f  parametric 

am biguity and parametric expression w ith in  a generally defined param eter space, so 

that d iffe ren t types o f  learn ing algorithm s and gram m ar spaces can be explored. T w o  

in fluentia l learning a lgorithm s are exam ined in  detail: The Triggering Learning Algorithm 

(G ibson and W exler, 1994) and The Structural Triggers Learner (F odor, 1998). Em pirical 

results indicate that the T rigge ring  Learn ing A lgo rithm 's  simple h ill-c lim b in g  search 

heuristics are su ffic ien t to  acquire the target grammar w ith o u t the learner's 

consum ption  o f  an unreasonable num ber o f  in p u t sentences w hen  the learning space 

contains a strong corre la tion between the s im ila rity  o f  languages and the grammars that 

generate them. The results also indicate tha t the Structural Triggers Learner's use o f
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structural in fo rm ation  ly ing beneath the surface w o rd  order o f  an in p u t sentence allows 

fo r feasible learning when the rate o f  param etric expression varies across the in pu t 

sentences encountered by the learner. N o tab ly , however, b o th  models are acutely 

sensitive to  changes in  the am oun t and type o f  am biguity present in  the dom ain. A  

small change in  just one o f  the factors tha t contributes to  the d is tr ib u tio n  o f  ambiguity' 

has a large impact on learning efficiency.
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1

1 Introduction

1.1 Why C o m p u ta tio n a lly  M odel L a n g u a g e  
L earn ing?

may be necessary to fin d  out how language learning could work in orderfor the 

developmental data to tell us how it does work. ” (Pinker, 1979)

H o w  does a ch ild  acquire language '? T he  process has been looked at w ith  some 

scrutiny from  many fie lds w ith in  co gn itive  science. L inguists endeavor to  describe 

language facts in such a way that the  same theory can accom m odate linguistic 

phenomena in all natural languages (Chinese, Swahili, G erm an, etc.) w ith  the strong 

prerequisite that the properties o f  in d iv id u a l languages can be readily acquired on  the 

basis o f  the kinds o f  evidence that are available to  ch ild ren . D evelopm enta l 

psychologists examine the speaking patterns o f  both  parents and ch ild ren  and lo ok  fo r  

relationships between them  and the nature  o f  language skills at d iffe re n t ages o r 

developmental stages. M athem aticians exam ine form al models o f  language in  o rder to  

establish bounds on w h a t can and can 't be learned in princ ip le  and com pu te r scientists

' Unless otherwise stated, throughout I w ill use language to refer to the syntactic structure or 
grammar o f  language and put lexical (and phonological, etc.) considerations aside (e.g. it is 
irrelevant here whether a dog is called "dog'* o r "chien"). There has been much recent work 
on lexical, phonological and semantic acquisition (see Brent 1996 and references therein fo r 
a survey, and Tesar and Smolensky 1998 fo r  an approach to phonology acquisition w ith in  an 
Optimality Theoretic Framework).
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develop and im p lem en t models and run com pute r simulations o f  the acquisition

process.

Recendy there has been renewed interest in  the com putational and mathematical 

m odeling o f  language acquisition and the in te rre la tionsh ip  between such models and 

linguistic and psycho lingu istic  theory. This fo llow s a general trend in cognitive science 

towards m u ltid isc ip lina ry  research (c.f. Schunn 1998). T h e  hope is that through the 

im plem entation a n d /o r  mathematical analysis o f  such models, certain bounds can be 

established w h ich  can be brought to  bear on  p ivo ta l issues in  developmental 

psycholinguistics.

As an example o f  the in terp lay between com putationa l m odeling and hum an language 

acquisition research, consider this seminal leam ability  result by the mathematician 

Edward G o ld  in  1967.2

Exposed to  in p u t strings o f  an arbitrary target language (L  nrg), where Lnrg is a 
member o f  the class o f  all possible hypothesis languages ( *H), it  is im possible to 
guarantee tha t a learner can identify L  nq;, i f  ‘M  is any class in  the Chom sky 
hierarchy.3 M oreover, no learner is un ifo rm ly  faster than one that executes 
simple e rro r-d riven  enumeration o f  languages.

G old 's theorem, tha t the fo rm a l languages o f  the C hom sky hierarchy are unlearnable, is

frequendy cited in  debates ove r what ( i f  any) features o f  language are innate (c.f. P inker

1979, E lm an c t al. 1996, Pullum 1996, M arcus, in  press). Developm ental

What follows is an inform al formulation o f  Gold's theorem; see the original w ork for 
discussion and proof.
1 Actually the theorem holds even i f  7 /  is less expressive. I f  7 f  contains all the finite
languages and just one non-fin ite language, 7 f\s  unlearnable.
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psycholinguistics has dem onstrated that human children learn the ir gram m ar largely or 

solely from  exposure to  sentences from  the ir native language — w ith o u t any significant 

degree o f  guidance o r  co rrec tion  from  the ir parents o r  caregivers (B row n and Hanlon 

1970, Marcus 1993). T h is , together w ith  Gold's p ro o f that, in  general, identification o f 

a target language is im possib le, helps to  impel the na tiv is t c la im  that children must 

possess some congenital know ledge o f  language. In  re jo inder, the em piricists either 

attack the linguistic p laus ib ility  o f  G old 's form al paradigm o r  take G old 's learning 

scenario to heart and attack the no negative evidence assum ption that was crucial to the 

proo f. M y in ten tion  is n o t to  rehash o r review this ongo ing  debate here. Rather I 

po in t to the fact that G o ld 's  com putational w ork has remained curren t w ith in  cognitive 

science4 and serves as an ind ica tion o f  the significance o f  fo rm al, com putational 

m odeling o f  language learning.

1.2 T he L ingu istics  o f the  G enerative T rad ition

W ith in  the generative tradition, syntactic entities are com bined b y  rules to  generate phrases 

and sentences. Established by N oam  Chomsky (1957, 1965), this research agenda 

attempts to ascertain b o th  the specific rules o f  a particular language (e.g. English) as

4 Although frequentlv misunderstood. The general misconception stems from the fact that 
Gold was concerned w ith  the stricdy defined classes that make up the Chomsky Hierarchy. 
By constraining so that it  is not stricdy the class o f  regular languages (or context-free 
languages, etc.) but rather a union o f  subsets o f  different classes, leamability can be achieved. 
The computer scientist Dana Angluin provides a p roo f that establishes necessary and 
sufficient conditions to guarantee the learnability o f  *H (Angluin, 1980).
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well as those general princ ip les underly ing the language com petence o f  all human 

speakers regardless o f  the ir native tongue (i.e. the Universal G ra m m a r o r  U G ).

The starting p o in t o f  th is  trad ition  was a gram mar fo rm a lism  com posed o f  phrase 

structure o r reunite rules, w h ic h  are recursively applied to  yield the phrase structure (PS) o f  an 

utterance. /VIthough C hom sky emphasized early on  that gram m ars based on  phrase 

structure rules alone are in su ffic ie n t to adequatelv capture all natural language 

phenom ena,5 the fo rm a l s tudy o f  PS grammars, under the heading o f  formal language 

theory, remains to  this day an im p o rta n t top ic  in com puter science and mathematics.

In  order to increase the descrip tive pow er o f  PS grammars, m any generative linguists 

embrace the n o tio n  o f  transformational rules (introduced by Chomsky*, 1957). Roughly, 

the idea is that a structure generated by a PS grammar can be m o d ifie d  o r  operated on 

to produce a second structure  that captures some aspect o f  language that w ou ld  have 

been impossible o r  c lum sy to  capture w ith  PS rules alone (e.g. the re la tionship between 

a passive sentence and its active counterpart). M ore than one transform ation  may 

apply in the deriva tion o f  a sentence, so a sentence may* have m any phrase structures 

'cn route' to the final one. T he  in itia l and final structures o f  a de riva tion  are generally* 

singled out. The structures serve d iffe re n t functions depending o n  the specifics o f  the 

linguistic theory* and are referred to  by* d iffe ren t names accordingly*. Since the analysis

3 This early view that PS grammars lacked sufficient descriptive power has not been entirely 
sustainable. There exist fru itfu l research programs on enriched varieties o f  PS grammars 
(e.g. HPSG and Catcgorial Grammars) that have managed to overcome at least some o f  
what were perceived as insuperable barriers early on.
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presented in the thesis does no t direcdy depend o n  the details o f  any particular 

linguistic theory, I w il l assume tw o generic levels and re fe r to  the sentential structures 

as the base-generated structure (before any transform ations have been applied) and surface 

structure (after all transform ations).

O f  im portance to  m ost past and current generative theories is the movement 

transform ation operation. M ovem ent changes the lo ca tio n  o f  a syntactic item  from  its 

place in the orig ina l base structure to a new loca tion  in  the surface structure. For 

example, in  English, w h -p ronouns are moved to  the fro n t o f  a sentence in  the 

form ation o f  questions.

(1) He w ill give what to  the dog.

(2) W hat w ill he give t  to  the dog?

Structure (1) is the base-generated phrase structure. T h e  PS grammar generates (1), 

and a m ovem ent trans fo rm ation  moves what up to  the fro n t  o f  the surface structure, 

leaving behind a n o n -o ve rt syntactic element called a trace (J), which results in surface 

string (2). (A no the r transfo rm ation  — subject-auxiliary invers ion , reverses the order o f  

he and wi/I.) I t  is im p o rta n t to  note, especially in  the s tudy o f  acquisition, that the base 

structure does no t appear in  the linguistic environm ent perceived by the learner. That 

is, during the course o f  learning, a ch ild  has only surface structures to w o rk  w ith  and no 

exposure at all to base structures. Furthermore, it  is a fac t o f  human languages (at least
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in  a generative account) tha t d iffe ren t base structures m ay give rise to the same surface 

w o rd  string. Th is may occu r w ith in  a single language (e.g., Flying planes can be dangerous). 

I t  can also occur in  cases o f  cross-linguistic ambiguity, w here  the rules that make up the 

grammars o f  d iffe re n t languages generate the same surface string. F o r example, a 

surface sequence o f  Subject Verb Object may either be generated as a base structure w ith  

no m ovement (as is co m m o n  in  English) or be derived fro m  a base structure such as 

Subject Object Verb by m ovem ent o f  the verb to  the second position (as occurs in 

Germ an).6 M anv examples o f  cross-linguistic am biguity, such as this one, exist. I t  

seems reasonable to assume that the degree o f  am bigu ity  in  natural language is quite  

high.7 A m bigu ity  is a natural enemy o f  language acqu is ition and, as I w ill pu t fo rth  in  

w hat follows, is a critica l fac to r in determ ining the feasib ility o f  an acquisition m odel.

Transform ational rules allowed linguists to describe m any com plex facts o f  natural 

language which PS grammars could handle only w ith  d iff ic u lt} ' o r not at all. H ow ever, 

as the facts about specific natural languages were explored in  m ore and m ore detail, the 

explanatorv pow er o f  the transform ations themselves came in to  question. M any 

transform ations were essentially ad hoc, descriptive statements o f  observed facts, and 

were postulated w ith  great liberality. As Chomsky and others noted, i f  there were no

6 Natural languages also exhib it within-language ambiguity — where a surface string may be 
generated bv different sequences o f  grammar rules drawn from  the same grammar. For 
example in the sentence: A lari saw Momo the cockatiel on the 7 T ( English grammar allows the 
prepositional phrase: on the TT-'to m odify either Momo the cockatiel o r saw. From this point, I 
w ill use the term ambiguity to refer to cross-language ambiguity.

The exact extent o f  cross-language ambiguity is still an im portant open question. See 
Chapter 5 for a b rie f discussion.
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lim its on the class o f  possible transform ations fo r  natural language, transform ational 

grammars m igh t describe b u t n o t explain the properties o f  na tura l languages. I t  is w o rth  

noting that C hom sky (1965 and since) defined explanatory adequaty in  terms o f  language 

acquisition — an explanatory theory clarifies why a learner selects the gram m ar she o r he 

does, when faced w ith  a sample o f  the sentences o f  the language. Early 

transform ational theo ry  perm itted  too  many choices, and o ffe re d  no good criteria fo r  

the learner's selection am ong them. 8

Eventually, it  p roved  m ost successful n o t to set lim its  on  a class o f  transform ational 

rules, but to a llow  a m axim ally general transform ation ( move CC, o r  even affect Ot) and to  

call on lexical facts and some general principles o f  syntactic organ iza tion  to  constrain 

the legitimate o u tp u t o f  any transform ationa l operation. A  s im ila r sh ift occurred in  the 

conception o f  the PS gram m ar de fin ing  base structures. These became maximally 

general principles o f  w hat is called X-bar theory (Jackendoff, 1977), w h ich impose 

specific internal relationships between phrasal com ponents — regardless o f  what the 

"m ain" o r bead syntactic category o f  the phrase is. R oughly speaking, the underlying 

principles that determ ine how  the ingredients o f  a noun phrase, verb phrase, and 

prepositional phrase in teract are identical. Moreover, these princ ip les ho ld  true across 

d iffe rent languages w ith  small bu t sharply delineated d is tinc tions. F o r example, in

x However, see Wexler and Culicover (1980) who establish a collection o f  constraints on 
transformations that guarantee successful learning on the basis o f  sentences w ith two levels 
o f  embedding (degree-2 learning).
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English the head o f  a phrase (e.g. a verb o r  a p reposition ) comes before  its argum ent 

(e.g. an object), whereas in  Japanese, the head fo llo w s  its argument.

This principle-based (as opposed to rule-based) theory o f  phrase structure  and its 

transform ation became know n as Government and Binding Theory, o r  GB Theory. As w ill 

be shown below, this incorporated a new concep tion  o f  how  natural languages can 

d iffe r from  each o ther, and perm itted an en tire ly  novel conception o f  language 

acquisition. In  o rd e r to  establish a basis fo r  the com putationa l research presented in 

the thesis, on ly  three aspects o f  G B  syntax are relevant:

i. X -ba r theory

ii. M ovem ent (and other) transform ations (and the notions o f  base structure and 

surface structure)

iii. Natural languages are assumed to  share the same innate universal principles 

govern ing i and ii and to d iffe r o n ly  w ith  respect to the ir lexicons and the 

settings o f  a fin ite  num ber o f  parameters.

This explication o f  hum an language is o ften  called the principles and parameters (o r P&P) 

hypothesis o r fram ew ork. The principles and the parameters constitu te  Universal 

Grammar (U G ): a lex icon and an array o f  settings (o r values) o f  the parameters 

constitute a natural language grammar, w h ich  com bines w ith  U G  to  generate a 

particular natural language. Thus the parameters represent the po in ts  o f  varia tion
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between languages. F o r  example, all languages have subjects o f  some sort, b u t w hether a 

language's gram m ar dictates that the subject m ust be ove rt is determ ined by the setting 

o f  the "n u ll sub ject" parameter. O ve rt subjects are required in  English, bu t n o t in  

Spanish. Consequendy, the null subject param eter is set " o f f '  fo r  English and "o n "  fo r  

Spanish. W ith in  X -b a r theory, G B  posits a param eter setting fo r  the pos ition  o f  the 

head o f  a phrase in  re la tion to its a rgum ents). As no ted above, in  E nglish  the head 

precedes the argum ent; in  Japanese the argum ent precedes the head.

Language acqu is ition  is the process o f  selecting the correct value o f  each such 

parameter fo r  the language the learner is exposed to. 9

The dissertation presents a m ethod o f  analyzing com putational learning models in  the 

P & P  fram ew ork. B u t before such models are discussed in  more detail i t  is im po rtan t 

to  place the P & P  fram ew ork clearly w ith  respect to  the na tiv is t/em p iric is t debate 

discussed in  section 1.1. A re the principles o f  hum an language innate o r learned? P & P  

models (as m ost o f  generative linguistics) take the innateness o f  the principles as a basic

J The most recent w ork w ithin transformational theory (Chomsky, 1995) has altered many 
details o f  derivations (giving up the notion o f  a significant level o f  deep structure, for 
example), but has retained the idea that languages d iffe r only lexically or w ith respect to a 
relatively small number o f  syntactic factors that interact w ith  general syntactic principles. 
Parameter values are now identified w ith specific syntactic features on 'functional' heads. 
How ever, the general notion o f  parametric variation is retained and the conception o f  
language acquisition as parameter setting therefore also carries over from  the P&P 
framework.
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mandate.10 Universal G ram m ar is universal because i t  is innate; i t  is an aspect o f  human 

biolog}-. The o n ly  th in g  tha t is n o t innate, besides the lexicon, and w h ich  therefore 

needs to be learned, is the proper settings o f  the parameters that contribute to 

determ ining the surface strings o f  the language the learner is encountering. However, 

there are many acqu is ition models in  which language structure is no t innate, i.e., fo r  

which there is no U G  at all. These warrant b r ie f m ention .

1.3 N on-genera tive  A ccounts o f  A cquisition

There has been m uch im po rtan t recent w o rk  in  the fie ld  o f  non-syntactically grounded 

language acquisition models. They can be grouped in to  three broad methodological 

categories: connectionist, calculationist’ ’ and cognitivist.

The connectionist approach employs a com putationa l device that coarsely mimics 

behavior exhib ited by  b io log ica l neurons. 12 There are many fru itfu l variations o f  this

An interesting alternative development w ithin the generative tradition is Optimality 
Theorv or O T  (Prince and Smolensky, 1993), in which a grammar is a set o f  ranked 
constraints. The constraints are innate and the ranking is learned. Variation between 
languages is created by d ifferent rankings o f  the same constraints. Although O T  has been 
successfully applied in phonology, and several interesting leamabilitv results have been 
produced (Tesar and Smolensky, 1998), it is unclear whether either the explanatory- power 
or the leamabilitv results w ill translate smoothly to the domain o f  syntax. Active work in 
both areas is ongoing at this time; see, in particular, Grimshaw (1997) and Bresnan (1998) 
for OT-based syntactic analyses.
"  A more traditional term would be statistical. However the term calculationist better indicates 
research that incorporates not only statistical methods, but also techniques from machine 
learning, genetic algorithms and other information theoretic paradigms.
12 The most common implementations are a specific type o f  artificial neural network̂  called a 
simple recurrent network (SRN). However there are other devices w ith a strong 
connectionist affinity- that do not specifically implement standard neural networks.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



11

approach, which has been prom ulgated fo r syntax learn ing m ost notab ly by J e ff  E lm an 

(see E lm an 1995, E lm an et al. 1997 and references therein). The calculationist 

approach includes models o f  learning that make use o f  statistical, probabilistic o r  

in fo rm a tion  theoretic techniques (cf. Cham iak 1993, B ren t 1996, B rill 1993, C lark 

1992; in  press, Jurafsky 1996, Pearlmutter et. al 1994, de M arcken  1996, Finch 1993, 

am ong o thers).13

B o th  connectionist and ca lcu la tion ist models are data-driven, ra ther than princ ip le- 

driven, in  the sense that they lo ok  fo r  regularities w ith in  the w o rds  and strings o f  a 

corpus (constitu ting the in p u t to  the learning m odel) and on  this basis assign a 

structure to the language be ing learned. C ontra ry  to  the innateness assumption, a ll 

structural in fo rm ation  14 m ust be discoverable in  the data — there is no preexisting 

innate language m echanism tha t can be b rough t to bear d u rin g  acquisition. I t  is 

w o rthw h ile  to po in t ou t tha t a com m on m isconception o f  these paradigms is that they 

do n o t generate, learn o r  make use o f  any rules. T h is  m ay o r  may n o t be the case. F o r 

example, Kxemer, in  his 1996 dissertation, investigates w h ich  types o f  form al language 

grammars (made up o f  rules) are learnable by canonica lly restricted neural networks.

’ ’ It should be noted that there is some overlap w ith generative linguistics. For example, 
Chamiak is concerned w ith statistical approaches to PS grammars and Clark is concerned 
with inform ation theoretic approaches to parameter setting.
14 Some o f  the non-generative schools avoid the term "structure" altogether and view the 
learning process as designed to recognize distributional patterns rather than determine 
structure. However I forego addressing the interesting question o f  whether patterns 
constitute or at least imply structure and use the term structure to include either type o f  
description.
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The cogn itiv is t approach, developed m os t no tab ly  by George L a k o ff and Ronald 

Langackcr, eschews the idea that language (and language acquisition) can be studied as 

an independent p a rt o f  cogn ition. The b e lie f is that language is a function o f  overall 

cognitive processing, inextricab ly related to  o th e r cogn itive systems such as the visual 

system, m o to r system, em otions, etc. There  is un fortunate ly  little w o rk  o n  

com putational m odels o f  acquisition w ith in  th is fram ew ork. However there exists 

some recent in teg ra tion  w ith  connectionist approaches (cf. Feldm an et al 1990, Reiger 

1996).

The main disadvantage o f  these non-generative approaches is that, since they cast aside 

an existing base o f  lingu is tic  theory, researchers in  language learn ing are in the position  

o f  having to expla in b o th  what is learned as w e ll as how i t  is learned. This may be one 

reason tha t there has been little  progress tow ards achieving cross-linguistic learning 

results. F o r exam ple, statistical context free grammars have been applied w ith  some 

degree o f  success to  approxim ate human am b igu ity  resolu tion preferences in  English; 

however, a single system has no t been developed tha t perfo rm s across several (much 

less many) languages. Likewise, the connection ists are able to  demonstrate how  one 

artific ia l neural n e tw o rk  o r  another is capable o f  p red ic ting  parts o f  speech. B u t again, 

m ost research is c ircum scribed by a single language and in  tu rn  is usually restricted to  a 

small subset thereof. W hether this is a constitu tiona l lim ita tion  o r  can be overcome by 

future refinem ents o f  the approach remains to  be seen.
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The prim ary advantage o f  these approaches is that they dovetail w ith  research in  areas 

outside o f  Linguistics b u t s till w ith in  the realm o f  cognitive science. In  recent years, 

connection ist research has surged fo rw ard  and broadened in  scope alm ost to  the p o in t 

o f  becom ing the center o f  a un ified  ph ilosophy o f  cognition. A n d  m any calculationist 

approaches to syntax acquisition b o rro w  heavily from  advances in statistical pattern 

recogn ition and machine learn ing tha t have been applied w ith  significant success in  the 

fields o f  speech recognition, in fo rm a tio n  retrieval and visual recognition am ong others.

T o  summarize: the com putationa l learn ing mechanisms o f  the non-generative models 

are w e ll understood because they parallel existing methodologies, bu t it  is d iff ic u lt  to  

ascertain the power o r  precision o f  the ir predictions w ithou t a cross-linguistic theory o f

language.

In  contrast, the many detailed language descriptions given w ith in  the generative 

fram ew ork (especially w ith in  the P & P  fram ew ork), provide a rich testing ground fo r 

acquisition theories. O f  course, there is no guarantee that generative linguistics w ill 

continue to be successful, b u t at present the research is rich and active, and stable 

enough to make it  w o rthw h ile  to  explore in  detail how  the acquisition o f  P & P  

grammars may proceed.
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1.4 T h e  P rincip les and P aram eters  F ram ew ork

In  the P& P  fram ew ork, the syntactic com ponent o f  a gram m ar is sim ply a collection o f  

parameter values — one value per parameter. The  set o f  hum an grammars is the set o f  

all possible com binations o f  parameter values. 15 These parameters are standardly taken 

to be binarv and th e ir tw o  values to be m utually exclusive. I t  is n o t yet know n how  

manv syntactic parameters there are (see Roberts, in  press, fo r discussion). I f  natural 

language requires 30, then there w ould be 2 30 =  1,073,741,824 possible grammars, 

assuming there are no  co-occurrence constraints lim itin g  the com binations o f  values. 

Im portantly, the num be r o f  d istinct grammars (hence the num ber o f  languages) is 

exponential in  the num be r o f  parameters.

The P&P fram ew ork was motivated to a large degree by psycholinguistic data 

demonstrating the extrem e efficiency o f  hum an language acquisition. Children acquire 

the gram mar o f  the ir native language at an early age — generally accepted to be in  the 

neighborhood o f  five  years old. In  the P & P  fram ew ork, even i f  the linguistic theory 

delineates over a b illio n  possible grammars, a learner need on ly  determ ine the correct 

30 values that correspond to  the grammar that generates the sentences o f  the target 

language. Indeed, in  the extreme case, on ly 30 learn ing events need to  occur — one that 

selects the proper value fo r  each parameter.

13 Issues arise when a language does not exhibit a parameterized feature that exists in another 
language. "Irrelevant" parameters control properties o f  phenomena not present in the target 
language, such as c litic  order in a language w ithout clitics. In  the absence o f  clitics, any 
setting o f  a clitic-order parameter would generate the same language (set o f  surface 
structures) as any other. See further discussion below.
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1.4.1 Learning in  Param etric Spaces and the Parametric 
Principle

Learn ing in the P& P  fram ew ork is s im ply the process o f  determ in ing the parameter 

values tha t constitu te the target gram mar. T he  classic h e w  16 is that o f  a parameter as 

an on/ o ff sw itch and parameter setting as f lip p in g  a sw itch. The idea is that an in p u t 

sentence is processed by a learn ing device w h ich  can recognize in  it  some prope rty  tha t 

reveals e ither the on o r the off setting o f  some parameter. The learning device then 

sim ply flips tha t parameter sw itch to  the correct setting, i f  i t  is no t already so set ( F igure 

1 below). H ow ever, this does n o t w o rk  fo r  natural languages because natural language 

parameters reflect deep properties o f  a language tha t are no t readily revealed in  the 

surface w o rd  order o f  a sentence.

u' The material in this section largely follows Janet Fodor's presidential address fo r the 
Linguistics Society o f  America in 1998.
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learner

3 J
sentence

grammar _ >• sentence structure

Figure 1. A  simple param etric  learning  architecture.
T h e  learner receives the in p u t sentence and  
consequendy flips the appropriate  param eter switches 
so that the sentence structure can be determ ined.

As a simple example, consider that English is ve rb -in itia l — the verb comes at the 

beginning o f  a verb  phrase. Japanese, on the o th e r hand, is verb-fina l. In  accord w ith  

the sw itch -flipp ing  m etaphor, imagine a param eter sw itch called the "V -be fo re -O " 

switch. I f  the sw itch is on, a m ain verb precedes its objects; i f  o ff,  objects precede the 

m ain verb. (This is one instantiation o f  the X -b a r theoretic  head/a rgum ent direction 

parameter fro m  Section 1.2 above.) Assum ing tha t the target gram m ar is English, the 

learner w ill receive in p u t sentences such as Give the ball back! and /  will eat the cake nith 

you. Both o f  these appear to  be evidence that the param eter should be flipped to  the 

on  position. H ow eve r the learner w ill also encounter sentences like: This ball, we never 

take! and What games does Jaime play? These are clearly gram m atical E ng lish  sentences.
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(English) (Japanese)
on off

1

Figure 2. English setting o f  the V -b e fo re -O  parameter

Just as clearly, the V -be fo re -O  parameter shou ldn ’t  be set to  the o f f  pos ition , even 

though in  these sentences the m ain verb comes after the object. The reason is that the 

unde rlung  o rder (which is relevant to  the parameter) can be altered by m ovem ent 

operations, so that the correct value fo r  the parameter is no t apparent fro m  the surface 

w o rd  order. O n ly  after de te rm in ing  w h ich  transform ational operations have been 

applied can the switch be flipped  to  its correct position. Bu t in order to  determ ine the 

correct deriva tion o f  V e rb -O b jec t position, one w ou ld  need to know  the settings o f  the 

parameters that govern the pos ition  o f  the subject in  relation to the verb and object. 

B u t the learner may n o t have learned those settings before attem pting to  set the V -  

be fo re -O  parameter.

There is a paradox here as Valian (1990) has po in ted  out. T o  set parameters, one needs 

to  know  the structure o f  the sentences one hears. In  o rder to determ ine the structure 

o f  a sentence, one needs to  kn o w  the gram m ar that generated it. B u t the gram m ar is 

no t know n — it  is what the learner is try ing  to  learn. O ne way around th is is fo r  the 

learner to  hypothesize that the parameters tha t govern subject-verb order are set in
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some way and then try  o u t o r  test a setting o f  the V -b e fo re -O  parameter. I f  the test is 

unsuccessful the learner w ou ld  reconsider and a ttem pt a d iffe ren t setting o f  the 

subject-verb parameters in  order to test a new hypothesis about the setting o f  the V -  

before-O  parameter.

learner

If sentence is not 
parsable. (NOT OK)

grammar

parser Sentence structure (OK)sentence

Figure 3. H ypothesize-and-test architecture. A  
g ram m ar is in place. T h e  parser uses that g ram m ar to 
process a sentence. Th is  yields an O K / N O T  O K  
result. I f  the parse test is O K  then the learner outputs 
the structure and retains that gram m ar. O therw ise  the 
learner hypothesizes o th er param eter settings in an 
attem pt to get a successful parse.
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I t  can fo rm a lly  be shown tha t there exist necessary and su ffic ien t cond itions that 

guarantee that this hypothesize-and-test strategy w ill eventually converge, i.e. tha t all o f  

the parameters w ill eventually be set correctly  fo r  the target language (cf. B e rto lo  in 

press fo r an application o f  A ng lu in 's  1980 context-free  leam abilitv theorem  1' in  a p ro o f 

establishing that param etric systems o f  this so rt are leamable). A lth o u g h  these 

cond itions allow- fo r a large class o f  fo rm a l languages, i t  remains to  be show n that the 

class o f  hum an languages can be counted am ong them.

Furtherm ore  the m odel faces a po ten tia lly  enorm ous com putationa l w ork load . In  

o rde r fo r  the learner to  fina lly  hypothesize the correct grammar, repeated parsing needs 

to be executed. Suppose, as in  the previous section, that there are 30 independent, 

b inary parameters. The  to ta l num ber o f  gram mars is 2 30 (over one b illion ). T he  w o rs t 

case is where a sentence requires that all 30 parameters be set correctly  and where the 

curren t hypothesis is exactly the opposite  o f  the correct gram m ar fo r  the target 

language: each and even* sw itch needs to  be flipped  to  its opposite pos ition . In  this 

case, the sentence m igh t have to  be parsed ove r a b illion  times — once by  each possible 

com bina tion  o f  settings. (The exact num ber o f  parses w ou ld  depend on  the precise 

strategy the learner uses to  choose w h ich  parameter to  test next. I t  cou ld  be even 

h igher i f  the grammars are unordered a n d /o r  no  record is kept o f  gram m ars tha t have 

been tried and failed.)

1 A lthough G old is not normally credited for this parametric learning model, this was almost 
exactly his original paradigm. The difference is in the way that grammars are chosen to test.
In his (and Angluin's) work whole grammars are enumerated w ithout the use o f  parameters.
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But now, the hypothesis-and-test learner is essentially entertaining w hole  grammars 

(using the parameters s im ply as a method o f  cod ing  o r  enumerating the grammars) and 

circum venting the cardinal benefit o f  the P & P  fram ew ork: efficiency. By evaluating 

whole grammars and n o t setting individual parameters, the learner is v io la ting  w ha t we 

have called the Parametric Principle: set individual parameters; do not evaluate whole grammars 

(Fodor, 1998; Sakas and Fodor, in  press).

In  this crude fo rm , the hypothesis-and-test learn ing procedure has n o t been advocated 

as a m odel o f  hum an language acquisition. T h e  thesis w ill present analyses o f  tw o  

existing models o f  acquisition which are m ore sophisticated. One, G ibson  and 

Wcxler's Triggering Learning Algorithm (T L A ) (1994), attempts to  im prove  on  the 

hypothesis-and-test m odel by adding attractive ly simple heuristics to  the learner's 

strategy fo r  selecting w h ich  parameters to  test and w hen to test them. The other, 

Fodor's Structural Triggers Learner (STL) (1995, 1998), is a parametrically p rinc ip led  

learner whose strategy fo r parameter setting is to  avoid guessing in the face o f  

ambiguity. I t  sets no  parameters unless the in p u t sentence gives perfect (unam biguous) 

evidence fo r  the co rrec t settings.

The basic result obta ined is that parameter setting can be very hard w o rk  fo r  e ither 

model. A lthough  there are situations under w h ich  e ither model can feasibly acquire the 

grammar o f  an a rb itra ry  target language, I wall show  tha t constraints on  the in p u t m ust 

be adhered to  fo r  success fu l learning in  bo th  cases.
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1.5 T h e  M ethodo logy  and  Scope o f  the  T hesis

Several broad ideas w ill serve as the foundation fo r the thesis:

•  Generative linguistics in  the principle and parameters fram ew ork is an active and 

fru itfu l area o f  research.

•  Results fro m  fo rm a l m odeling and com putational sim ulation can po in t to novel 

questions in  linguistics and psycholinguistics and p rom ote  research that w ill help to 

refine current theories.

•  The circumstances leading to  the success o r  fa ilure o f  a proposed model o f  

language acquisition is insuffic ient as a measure o f  a model's goodness. The 

com putational w o rk load  o f  the learner during  the acquisition process must also be 

examined. T ha t is, fo r  a psychologically realistic m odel (as noted by Pinker 1979), 

feasibility' is as im p o rtan t as leamabilitv per se.

•  A  m ajor facto r a ffecting  feasibility is the degree o f  param etric (i.e. cross-linguistic) 

ambiguity inherent in  the language domain.

1.5.1 Goals

The prim ary goal w ill be to  construct a stochastic fram ew ork fo r  m odeling language

acquisition that w ill be general enough to  apply to  substantially d iffe ren t learning

strategies. Though a stochastic characterization o f  parameter setting exists (see
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discussion in  Section 2.2.1 be low  fo r an overv iew  o f  N iv o g i and Berw ick's fram ew ork), 

the w ork  presented here extends it  by focussing o n  the fo llow ing  characteristics w h ich  

are not present in  the  existing form ulation:

•  A  characterization o f  parametric am bigu ity  tha t can be used to  com pare and 

contrast various learn ing models by iso lating the strengths and weaknesses o f  the ir 

core strategies.

•  An abstraction o f  the language space in  term s o f  param etric am biguity w h ich  can be 

manipulated to  m ir ro r  existing linguistic no tions, so tha t d iffe ren t learn ing scenarios 

can be evaluated.

These abstractions are com patib le  w ith  authentic lingu istic  analyses o f  the natural 

language dom ain, b u t nevertheless allow an evaluation o f  learning procedures that is 

no t tied to  the details o f  any one variety o f  lingu is tic  description w ith in  the P & P  

framework.

Specifically, tw o  im p o rta n t questions w ill be addressed:

•  Arc the in te rna l mechanics o r heuristics tha t are embodied in  the learning 

architecture beneficia l? A re  they e ffic ien t o r  wasteful? D o  they make feasible 

learning possible?
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•  W hat are the bounds on  the shape o f  the language space (in  terms o f  the 

d istribu tion o f  am biguity) that are required fo r  feasible param etric learning?

In  short, the thesis attempts to  answer the question: G iven  a parameter setting 

procedure P, under w h a t cond itions is P a feasible learner fo r  natural languages?

1.5.2 Contributions

The main con tribu tions  o f  the thesis are the fo llow ing :

•  A  m ethodology fo r  determ in ing the feasib ility o f  param eter-setting models o f  

acquisition tha t incorporates an abstraction o f  language centered on the rate o f  

cross-linguistic (parametric) ambiguity.

•  Results fro m  the exam ination o f  tw o  in fluen tia l parameter-setting learning 

procedures tha t establish bounds on the lingu is tic  env ironm ent (w ith  respect to 

parametric am bigu ity) tha t m ust be in place in  o rde r fo r  e ither to  be a feasible 

model o f  language learning.

The study o f  language leam abilitv  has a long and fru it fu l history. The thesis w ill no t 

argue fo r o r  against a particu lar paradigm in terms o f  leam abilitv. Instead its focus is 

on  the effic iency o r  feasibility’ o f  a model. H ow ever, the w o rk  takes to heart the 

elegant abstraction o f  trad itiona l leam abilitv research in  o rde r to  p u t fo rth  a new way o f  

addressing the sim ple question: "Is  model P a p lausible m odel o f  hum an acquisition?"
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In  much the same way as leam abilitv proofs in  the trad ition  o f  G o ld  rely on the 

com putational abstraction o f  lingu istic theory, so does the fram ew ork presented in the 

dissertation. By fo rm u la ting  am biguity so tha t com puta tiona l methods can be 

employed to  study learn ing perform ance, the thesis provides a valuable way to delineate 

bounds on the d is tr ibu tion  o f  am biguity that m ust respected in  o rde r fo r  a learner to 

succeed.
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2 Form alizing the A cquisition Process

2.1 D efin itions

In  this chapter, an in itia l fo rm aliza tion  o f  parameter setting is presented. In itia lly , I 

take the view  o f  syntax acquisition as state space search w here  each state represents a 

grammar and the learn ing a lgorithm  entertains a single g ram m ar at a rime. 18 As the 

learner receives in p u t sentences, it  decides whether to retain its currently hypothesized 

grammar o r to  'shift* to  another grammar in  the space. La te r in  the thesis, an 

alternative fram ew ork  is presented where parameter values, rather than grammars, 

underpin the states o f  the system.

The fo llow ing  de fin itions w ill make concrete several o f  the no tio ns  discussed up to this 

po in t as well as being useful fo r  the discussions that fo llow .

•  A grammar, denoted as G i, G ,,__ , is a vector o f  parameter values.

•  A  parameter, denoted as p t, p,,__ , is an index o f  an elem ent in  a gram m ar vector.

•  A  parameter value is e ither 0 o r  1.

•  The target grammar Gnrg is the gram mar that is to  be acquired by the learner.

IS See Clark, 1992; Nyberg, 1994 and Yang, 1999 for models which entertain more than one 
grammar at a time.
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•  A  parameter space, denoted as T in.,19 is the set o f  all possible gram m ar vectors o f  size 

//, w ith  one gram m ar marked as the target g ram m ar G  nrg. The learner's currendy 

hypothesized gram m ar at any po in t in  the learn ing  process is denoted as G  curr-

•  Gcun- —> G, denotes a change o f  hypothesized gram mar, made by the learner, fro m  

gram mar Gcun- to  G i .

Figure 4 presents an example o f  a possible state space fo r  parameter space 'H n,

011
100

000

101 010

Gairr

001
110

Gta<g

Figure 4. A  possible state space fo r  param eter space ‘Hs  
N od es  represent grammars and arcs represent a possible 
change fro m  one hypothesized g ram m ar to  another; the 
arcs are com pelled by specifics o f  the learning algorithm  
and the in p u t it receives. T h e  target gram m ar to be 
achieved is G tMK =  111 and  the learner is currendy  
entertain ing Gcurr =  010.

u Technically should have two subscripts — one fo r the number o f  parameters and a 
second indicating the target grammar. For clarity, the second is omitted since it  w ill be clear 
from the context which grammar is being considered as the target.
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N ivo g i and Berw ick (1996) p o in t o u t tha t the process o f  acquiring parameter settings 

can be form alized as a M arkov structure w ith  probabilities assigned to  the arcs in  the 

state space diagram. M oreover, feasib ility  results can be obtained by applying standard 

M arko v  theory. This im p o rtan t ins igh t serves as the springboard to  the w o rk  that is 

presented in  the thesis and hence warrants some discussion in  the next section. B u t 

first, some m ore defin itions need to  be in  place.

•  A  input o r  an input sentence, denoted s, / ,__ , is a string generated by the target

gram m ar and consumed by the learner. Unless otherwise specified, an in p u t is 

arbitrarily drawn from  L(Gnrp).

•  A  trigger is an in pu t that causes the learner to  change o r " f l ip "  one o r m ore 

parameter values. Equiva lently, a trigger is an in p u t that causes the learner to  sh ift 

to  a new  gram mar hypothesis. T he  resulting parameter value o r gram m ar need n o t 

be co rrec t.20

•  T he  text o r  input sample is an ordered random  selection o f  strings from  the target 

language L (G K»K). T ha t is, i t  is sim ply a stream o f  sentences (repeats allowed) 

generated by the target grammar.

This defin ition differs from other notions o f  triggers. See, in particular G ibson and 
W'exler (1994) and Frank and Kapur (1996) fo r extended discussion on useful formulations 
o f  the notion o f  a trigger.
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•  T o  parse an inpu t, g iven grammar G ,, means to  make the determ ination that a 

sentence s belongs to  the language generated by G  i, i.e. to  determ ine that s E L(G i).

•  A  sentence /, is ambiguous between grammars G  i, G ,, Gk —  i f  s can be parsed by 

G,, G,, Gk - . - In  such cases, ;G  L(G,) n  L (G j)  L(Gk).

2.2 P aram etric  L earn ing  as a M arkov  Process

A  M arkov process (o r system o r chain) is a stochastic process in w h ich the resulting 

behavior o f  the process at tim e t  is entirely determ ined by the state o f  the process at 

time /  — 1; fu tu re  behavior is no t predicted by past behavior. 21 M arkov processes 

accurately m odel systems that have no memory. A  system in  state S  always behaves in 

exactly the same way, regardless o f  how long it  has been in state S  o r  what other states 

it has passed th rough  (or n o t passed through) on  the way to  S.

As a simple exam ple consider the transition diagram below .

21 In many formulations, including the one presented in this dissertation, time is measured in 
terms o f  number o f  inputs. E.g. /  =  20 means 20 inputs have been consumed by the system.
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1/2

1/41/4

2/3

'targ

1/3

Figure 5. A  M arko v  transition d iagram .

Imagine that the learner is in  the state o f  en terta in ing  gram m ar G  o and receives an 

arbitrary inpu t sentence (generated by the target gram m ar, G  nrg). The diagram 

indicates that there is a p robab ility  o f  Vz that the learner w ill rem ain in  state G  o and a V* 

chance that it  w ill s h ift to  enterta in either the target g ram m ar o r  gram m ar G  i. Likewise 

i f  the learner is en terta in ing  G  i, there is a 1 /3  chance tha t the target w ill be acquired 

after an input, a 2 /3  chance the learner w ill sh ift to  state G  o, and zero probability  o f  the 

system rem aining in  state G  i.

Several points should be made about this fo rm u la tion . F irst, i f  the learner is in state 

Gmrf;, the p ro ba b ility  o f  rem aining in G o ^  is equal to  1; no  o th e r transitions are 

possible. Th is w o u ld  be the case i f  the inpu t sample is generated by the target grammar 

and the learner is e rro r-d riven  (see Section 3.2 below ) in  tha t i t  w ill n o t entertain a new 

grammar hypothesis i f  the curren t grammar can parse the inpu t. In  M arkov terms,
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Gtua: is called an absorbing state and a system tha t contains at least one absorb ing state is 

called an absorbing system. A ll the non -absorb ing  states are referred to  as transient states.—

Second, the sum o f  the probabilities o f  all arcs leaving any given state m ust equal 1. 

A lth ough  the actual probabilities are determ ined by the specifics o f  the learning 

a lgorithm  and the in p u t sample, all possible outcomes m ust be accounted fo r. Finally, 

the diagram can be converted to  a tran s ition  m atrix  where the le ft co lu m n  indicates the 

cu rren t state o f  the system and the to p  ro w  indicates the resulting state a fte r an in p u t is 

consumed, w ith  the transition  probab ilities  m aking up the heart o f  the m atrix. Th is is 

illustrated in  Figure 6 — transitions between transient, non-absorb ing states are shaded.

Go Gi Gufg
Go 1 /2 1 /4 1/4
Gi 2 /3 0 1/3
Gufg 0 0 1

Figure 6. A  transition  M a trix  derived fro m  the chain  
depicted in Figure 5 above. T h e  subm atrix .V  that gives 
the transition probab ilities  o f  the transient (n o n ­
absorbing) states is shaded.

There is a large arsenal o f  existing M a rko v  techniques that can applied to M arkov 

processes in  general and to  absorb ing systems in particular. I  w ill make use o f  a 

relatively stra ightforw ard technique th a t is used to determ ine the average num ber o f

~ Tw o technical notes. For most o f  the mathematics o f  absorbing systems to apply, the 
absorbing state must be reachable from  all transient states. Also, a system that contains a 
class o f  states (more than one) from which there is no 'escape' can also be treated as an 
absorbing system even i f  there is no single absorbing state.
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inputs that the system can be expected to  consume before  entering the absorb ing state 

(Grarg, in this example).

The fundamental m atrix O  o f  a transition  m atrix o f  an absorb ing system is defined as the 

inverse o f  the identity  m atrix  /  (=  1 on  the diagonal, 0 elsewhere) minus the (sub)m atrix 

A ' that gives the trans ition  probabilities o f  the //0/7-absorb ing  o r  transient states (see 

Figure 6),. that is:

E quation  1 Q  — (J  _

From  the example above, O  can be established as fo llow s:

Q =
1 o ' ' 1 / 2 1 /4 ' \

V
0 1 2 /3 0 )

Q =
3 .75 

2 1.5

The ro w  sum o f  the fundam ental m atrix  0  gives the expected number o f  inputs to 

absorption starting fro m  the corresponding state in  the orig ina l transition m atrix . So, 

starting from  state Go, the num ber o f  inputs the system w ill consume, on  average, 

before entering state Gary, (the absorbing state) is 3 +  .75 =  3.75, and starting from  

state G i the average num ber o f  inputs is: 2 +  1.5 =  3.5.
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Clearlv, the fo rm u la tion  o f  acquisition as a M a rk o v  structure readily allows fo r  the 

derivation o f  feasib ility results in terms o f  the n u m b e r o f  inputs consumed d u rin g  the 

acquisition process.

The basic procedure I  w ill fo llow  is:

•  Determ ine and define linguistically relevant fac to rs  that w ill determine the shape o f  

the learner's environm ent;

•  Determ ine the transition probabilities based o n  the  in ternal mechanisms o f  a g iven 

learning a lgo rithm  and how  it w ill respond to  the  environm ent;

•  Calculate the fundam ental m atrix, w h ich  w i l l  yie ld the expected num ber o f  

sentences required fo r the learner to  converge o n  the target.

2.2.1 N iyogi and Berwick's Approach

N ivog i and B erw ick (1996 and elsewhere) p o in t  o u t that many psycholinguistic 

accounts o f  learnability  make the assumption th a t the hum an learning mechanism is 

memorylcss and thus can be modeled as a M a rk o v  process. They cleverly exp lo it 

M arkov theorv in  o rder to attain bo th  learnability* and feasibility* results. T h is  is 

im portant because i t  represents the firs t app lica tion  o f  M arkov chain theory* to  a 

parameter-setting m odel o f  natural language syntax. N iyog i and Berw ick also uncover 

a subtle aspect o f  stochastic learning algorithm s th a t affects their ultimate success o r
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failure, and that had prev ious ly  been missed in the leam abilitv  literature. Specifically, 

they show that success is n o t solely dependent on  w hether a series o f  triggers exists in 

the environm ent tha t can lead the learner to  the target. Rather an a lgorithm  m ight, 

w ith  some degree o f  p robab ility , w ander o f f  the "co rrec t" path  in to  a state fro m  which 

no triggers exists that w ill gu ide the learner to  the target.

However, the ir discussion leaves several im portan t questions unanswered. A lthough 

the ir leam abilitv results are general in  that they give necessary and su ffic ien t conditions 

fo r  a target gram m ar to  be unattainable, the feasib ility results they present are tied 

d irectly  to the idiosyncrasies o f  the parameter dom ain under investigation. T h is  is 

because the m ethod they em p loy to  com pute the trans ition  probabilities relies on  the 

intersections o f  ne ighboring  languages in  the parameter space and therefore is bound 

to  the particular com pos ition  o f  the languages in  the space. N iyog i and Berw ick po in t 

to  the fact that the ir fo rm u la tio n  can be used to "fa ls ify " o r  "va lida te" certain kinds o f  

parametric theories on general grounds o f  feasibility, bu t leave open the question o f  

h o w  to  do so.

They also adm it that in  o rde r to  app ly the ir m ethodo logy to  a parameter space o f  

reasonable size, one w o u ld  be required to  manipulate extrem ely large matrices. F o r 30 

parameters, the transition m a trix  w o u ld  need to be 2 30 x 230 elements. A n y  calculations 

in vo lv ing  a m atrix o f  this size w o u ld  be com putationa lly  intractable. T h is  leaves open a 

second crucial question o f  h o w  the size o f  the in p u t sample required fo r  successful
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learning scales up as the num ber o f  parameters increases. Th is is because the 

dim ension o f  the m atrix  increases exponentia lly  w ith  respect to  the num ber o f  

parameters in  the dom ain. Five parameters w o u ld  require a matrix o f  2 5 x 2 5 =  32 x 32 

elements, whereas 30 parameters requires 2 30 x 230 =  1,073,741,824 x 1,073,741,824 

elements.

This d issertation builds on N iyog i and Berw ick 's  w o rk  by presenting a tractable 

probabilis tic  fram ew ork  that can distinguish am ong different sources o f  learn ing 

d ifficu lty  and th e ir e ffect on  the acquis ition process, as the size o f  the param etric 

dom ain expands.

The th rust wall be to  abstract away from  the lingu is tic  particulars o f  the language space 

(such as the exact sentences that make up each language) by isolating factors tha t w ill 

capture broader lingu istic notions and by inco rpo ra ting  these abstractions in to  a 

M arkov m odel. O ne such no tion  is that o f  smoothness which I  discuss below.

2.3 D is tan c e  from  the T a rg e t a n d  Linguistic 
S m oo thness

In  o rder to  get a handle on  perform ance as the size o f  the search space increases, I 

consider classes o f  grammars that share a p ro p e rty  o r  properties that a llow  the  learning 

process to  be tractably modeled. O ne useful m etric  is to characterize a class o f  

grammars by the ir distance from  the target gram m ar.
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grammars

G-Ring Qz

0 1 0 0 1 0 0 0
0011

0101 1101 0111

01101111

1100\  1011 1110

1001 target grammar 
Gtarg (G*Ring Q$)

0 0 0 10 0 1 0 1010

0000

Figure 7. Param eter space ‘H *  w ith  G nr}. =  1111. Each G-Ring 
contains exactly those gram m ars a certain ham m ing distance from  
the target. F o r exam ple, ring  Q z  contains 0011, 0101 , 1100, 1010,
1001 and 0110  all o f  w hich  d iffe r fro m  G urK by 2 bits.

D e fin itio n :

•  A  G -R in g  (Q\) is a set o f  grammars tha t share the same ham m ing distance h  (the 

num ber o f  parameter values tha t d iffer) fro m  the target g ram m ar

=  { G  e  *Hn | h(G a^, G ) =  i }
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Unless otherw ise specified, I  w ill assume in  w h a t fo llow s tha t the target gram m ar G  

is the vector consisting o f  parameter values tha t are all equal to  1. There is no 

generality lost by this conven ien t assumption. I t  is easy to  define an isom orph ism  that 

maps the parameter space under this assum ption to  another param eter space w ith  an 

arb itrarily  chosen target gram mar.

U sing this approach, the learning process can be viewed as the learner m oving  (o r not) 

fro m  a gram m ar in one G -R in g  to a gram m ar in  another G -R ing, ra ther than fro m  one 

gram m ar to another grammar.

Th is  helps to  make concrete the lingu istic n o tio n  o f  smoothness. Basically, smoothness 

means that there is a corre la tion  between the s im ilarity  o f  gram mars and the s im ilarity  

o f  the languages that they generate. T w o  requirements on the param etric space w ill be 

considered in  the analysis in  the chapters tha t fo llow s. They are:

•  W eak S m o o th n ess R e q u ire m e n t — A l l  the members o f  a G -R in g  can parse s w ith  

an equal probability'.

•  S tro n g  S m o o th n ess R e q u ire m e n t — The parameter space is weakly sm ooth and 

the p robab ility  that s can be parsed by a member o f  a G -R ing  increases 

m onoton ica lly  as the index (i.e. distance fro m  the target) o f  the G -R in g  decreases. 

Basically, the closer the G -R in g  to the target grammar, the h igher the p robab ility  

that a gram m ar in  the ring  can parse s.
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By establishing smoothness requirem ents using G -R ings, I  w ill tractably m odel the 

learn ing process using the M a rko v  techniques described above. Th is  is possible 

because the transition m a trix  need on ly  be o f  a d im ension equal to  the num ber o f  

parameters plus one ( =  num ber o f  G -R ings) rather than a d im ension  exponentia l in 

the num ber o f  parameters (2 ", n — num ber o f  parameters). O f  course, some linguistic 

accuracy is lost. I t  is a lm ost certa in ly true that natural languages are n o t weakly 

sm ooth. A  language may be vastly d iffe re n t than o the r languages that are s im ilarly 

d istant from  the target. C hom sky (1988) notes that a change o f  even one parameter 

value m ay make a considerable d ifference to  the surface sentences o f  the language. 

Still, m ode ling  smoothness is a w o rth w h ile  endeavor. Results presented in  the next 

chapter strongly indicate tha t smoothness plays a large role in  term s o f  acquisition 

feas ib ility
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3 T he Triggering Learning Algorithm

In  1994, G ibson and W exle r (henceforth G & W ) in  a seminal article presented the 

Triggering  Learning A lg o r ith m  (T L A ), a procedure fo r  learning the settings o f  linguistic 

parameters. See Table 1 fo r  a description o f  the a lgorithm . O ne significant aspect o f  

this research is that the T L A  embodies many im p o rta n t concepts that had existed in  

the acquisition literature in  d iffe re n t guises (see particu larly  C lark 1992). A lso o f  

im portance is the language space that G & W  construct to  test the T L A . The space is 

based on three linguistically authentic parameters, and G & W  use i t  to  show under w hat 

circumstances a language dom ain  is leamable by the T L A . G iven  that the T L A  m odel 

embodies some psychologically and linguistically desirable features, and that fin ite  

parameter spaces are presupposed to  be easy to  learn, a notable and somewhat 

surpris ing result is that the T L A  sometimes fails to  acquire the target because it  gets 

trapped in  local maxima w ith in  this very simple param etric fram ework.
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Repeat until convergence (G ^  = Gt^):
1) Receive a string s from L(Gta )̂.
2) If s can be parsed by Gcun-. do nothing (goto 1).

Otherwise change a single randomly chosen
parameter to its opposite value.
This yields a new grammar (Gnew)-

3) If Gnew can parse s, make Gnew the current
grammar (G ^  <- Gnew).

Otherwise, don’t change Gcurr-

T ab le  1. T h e  Triggering Learning A lg o rith m  (inform al 
description).

In  what fo llow s, I  firs t review the space o f  grammars and languages that G & W  

construct and then present a m ore detailed characterization o f  the algorithm  and fina lly 

a p robabilis tic  analysis o f  its performance.

3.1 T h e  L an g u ag e  Space

G & W  develop a language dom ain o f  eight languages defined by three parameters that 

con tro l w o rd  o rde r variation. The three parameters are:

•  Specifier-H ead Parameter (SV/VS) — determines w hether the specifier is at the 

beginning o r  end o f  a phrase. In  practice, this parameter determines solely whether 

the subject precedes the verb phrase o r the verb phrase precedes the subject. In  the 

given language dom ain, the on ly  specifiers are the specifiers o f  CP and IP, and the 

position  o f  the fo rm e r is fixed as initial.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



40

•  C om plem ent-H ead  (V O /O V ) — determ ines w hether the com plem ent comes at 

the beg inn ing o r  end o f  a phrase. In  th is dom ain, it  determines tw o  linked 

properties: w h e th e r the m ain verb precedes o r  fo llow s  the object, and w he the r an 

auxiliary verb precedes o r  fo llow s the V P .

•  Verb-Second (+ V 2 /-V 2 ) — determines w he th e r o r  no t the fin ite  ve rb  (=  the 

auxiliary verb i f  one is present; else the m ain  verb) is moved to  become the head o f  

the CP p ro jec tion , w ith  some XP  (subject, ob ject, ind irect ob ject o r adverb) m oved 

to its specifier p o s itio n  (which is always pre-head).

In  short: The  S V /V S  and V O /O V  parameters d ictate base structure w o rd  order, and 

+ V 2 /-V 2  dictates w hether a pair o f  m ovem ent transform ations apply to  the base 

structure to  yield the surface string (an exam ple is o ffe red  in (4) — (6) be low ). These 

three parameters de fine  e ight grammars as listed in  Table 2 w h ich  generate the 

languages listed in  T ab le  3. N o te  that there are n o  rules o r  parameters fo r  em bedding a 

clause w ith in  a clause, and no recursive operations at all, so the languages generated are 

finite.

G ram m ar Spec-Head Comp-Head Verb-Second
1 SV O V -V2
2 SV O V +V 2
3 SV V O -V2
4 SV V O +V 2
5 VS O V -V2
6 VS O V +V2
7 VS V O -V2
8 VS V O +V 2

T a b le  2. T h e  eight gram m ars th a t m ake up the G & W  
param eter space.
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In p u t sentences are assumed to  be tagged w ith  ro le  assignments characterizing the 

constituent w ords o r  phrases. The  tokens and respective roles they represent are: S 

(subject), O  o r O l  (d irect object), 0 2  (ind irect ob ject), V  (verb), aux (auxiliary verb) 

and adv (adverb). (The adverb in  always sentence-initia l.) Structure inside such 

elements (e.g., in te rna l to  a subject noun phrase) is n o t analyzed.

F o r example, the English  sentence:

(1) Frequently Beefy m il give the dog candy. 

comes to the learner a fte r pre-analysis as:

(2) adv S  aux- V  0 1 0 2

w hich belongs to language 3 in  Table 3 below.

A  few other sim ple examples serve to give a flavo r o f  the languages in  the dom ain and 

how  they are generated. 23 Consider the string:

(3) 3  V O

Th is  simple in p u t is licensed by the grammars tha t generate languages 2, 3, 4, 6 and 8. 

The  derivation is s tra igh tfo rw ard  in  the —V 2  language (Language 3). However, the 

derivations generated by the + V 2  grammars invo lve  m ovem ent transform ations. F o r

From this po int on, all examples w ill be in analyzed format, e.g., aux rather than will o r 
must.
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language 2 (SV O V  + V 2 ), the base generated string is S  O V  (w hich fo llows from  the 

SV and O V  parameter settings). The 4-V2 setting mandates tw o  movements: V  m ust 

move to the second pos ition  in  the surface structure, and some o the r element — in this 

case S  — moves to the firs t p o s itio n .24 This pa ir o f  operations, know n as V 2  

movement, has the fo llo w in g  consequences fo r the surface string. (4) is the term inal 

string o f  the base-generated structure. (5) corresponds to  an interm ediate structure and 

(6) depicts the final surface string.

(4) S O  V

(5) S t s O  V

(6) S V t s O  tv

' 4 In the example that follows, I assume XP movement precedes V  movement. Since the 
T LA  makes use o f  an 'all o r nothing' parse test, the details o f  the derivation are 
inconsequential to learning performance.
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Language 1: sv ov -v2 Language S: vs ov -v2

s V v a
s o  V o v a
a o2 ot v o 2 o l v a
s vaux vaux a
s o v aux o v aux a
s o2 o l v aux o2 o l v aux a
adv s v adv v a
adv a o v adv o v a
adv a o2 ol v adv o2 o1 v a
adv a v aux adv v aux a
adv a o v aux adv o v aux a
adv a o2 ol v aux adv o2 o l v aux a

Language 2: av ov «-v2 Language 6: va ov *v2

a v a v
a v o o v a
o v a a v o
a v o2o1 a vo2o1
o l v a o2 o1 v o 2 s
o2 v a ol o2 v o l a
a aux v sau xv
a aux o v sa u x o  v
o aux a v o aux vs
a aux o2 o l v a aux o2 ol v
o l aux a o2 v o l aux o2 v a
o2 aux a o l v o2 aux o l v a
adv v a adv vs
adv v a o adv v o a
adv v a o2 o1 adv v o2 o l a
adv aux a v adv aux v a
adv aux a o v adv aux o v a
adv aux a o2 ol v adv aux o2 o1 v a

Language 3: sv vo -v2 (English-like) Language 7: va vo -v2

a v v a
a v o V O S
a v o1 o2 v o l o2 a
a aux v aux v a
a aux v o aux v o a
a aux v o l o2 aux v ol 02  a
adv a v adv va
adv a vo adv v o a
adv a v o1 o2 adv v ol o2 a
adv a aux v adv aux v a
adv a aux v o adv aux v o a
adv a aux v o l o2 adv aux v o1 o2 a

Language 4: av vo <-v2 Language 8: vs vo *v2

a v a v
a v o a v o
o v a o v a
a v o l o2 a v o1 o2
ol v a o2 o1 v o 2 s
o2 v a o l o2vo 1  a
a aux v a aux v
a aux v o a aux vo
o aux a v o aux v a
a aux v o l o2 a aux v o l o2
o l aux a v o2 o l aux v o2 a
o2 aux a v o1 o2 aux v o l a
adv v a adv v a
adv v a o adv v o a
adv v a o1 o2 adv v o l o2 a
adv aux a v adv aux v a
adv aux a v o adv aux v o a
adv aux a v o l o2 adv aux v o1 o2 a

Table 3. The sentences o f the eight languages that are 
generated by the grammars in  G&W ’s parameter space.
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Comparable derivations can be worked through by means o f  w h ich  S V  O  can be 

arrived at from  the base structures dictated by the param eter settings fo r  languages 4, 6 

and 8. (Assum ing tha t m ovem ent transform ations leave a trace in  the pre-m ovem ent 

position, the pos ition  o f  the traces o f  S and V  w ill d if fe r  fro m  language to  language, b u t 

these are phono log ica lly  n u ll and hence are assumed n o t to  be accessible to  the 

learner.)

The linguistic details — e.g. w hether the com ponent m ovem ents o f  V 2  are ordered, 

whether traces are actually le ft behind o r are deleted, etc. — are n o t central to the T L A  

performance. T he  im p o rta n t po in t is tha t the learner o n ly  sees S V  O; the base 

structure and the deriva tion  are no t part o f  the inpu t. T he  gram m ar determines the 

derivation bu t the gram m ar is w hat the learner is a ttem p ting  to  ascertain. Th is  is a 

restatement o f  the parsing paradox (see Section 1.4 above): T o  determine the 

derivation o f  a sentence, in  o rder to  leam the gram m ar fro m  it, one needs to know  the 

grammar that generated it.

3.2 T h e  A lgorithm

Three im portan t constra in ts guide T L A  learning. T hey  are:

1) Error Driven Constraint — the learner w ill reta in the cu rren t gram m ar unless the 

current in pu t sentence can no t be parsed by it.
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2) Single Value Constraint (SVC) — the learner can test a new hypothesis (G  nw 

above) only i f  i t  d iffe rs  by no m ore than one parameter value fro m  the current 

gram m ar (Gom).

3) G reediness25 — The learner can adopt G  only i f  Gnew can parse the curren t 

input.

The  T L A  neatly sidesteps the parsing paradox by u tiliz ing  a parse test as a m ethod fo r 

experim enting w ith  a lternative grammars. O n  receiving an in p u t s tring the T L A  firs t 

tries to parse it  w ith  its cu rren t gram m ar G  curr. I f  this succeeds, no learning is called 

for. Though Gcurr may n o t be correct, the learner at least has no specific reason to 

believe that it is w rong . I f  the parsing a ttem pt w ith  G  curr fails, the learner tries again 

w ith  a m odified gram m ar G  that it  arrives at by resetting one parameter, chosen at 

random. I f  the parsing a ttem pt w ith  G  n»- also fails, Gnew is no im provem ent over G  curr, 

so the T L A  retains Gcurr-, in  accordance w ith  the Greediness constra in t. I f  G  new does 

pe rm it a successful parse o f  s, the T L A  shifts fro m  Gcurr to Gnew. A lth ough  Gnew is no t 

necessarily the target gram m ar, it  at least has the m erit o f  being com patib le w ith  the 

curren t sentence. T h is  is a necessary cond ition , though far fro m  a suffic ien t one, fo r 

being the target grammar. T he  a lgorithm  is summarized in  Tab le 4.

Frank and Kapur (1996) correcdv point out that "Greediness" is a b it o f  a misnomer for 
this constraint — at least i f  the name is intended to parallel the traditional 'greedy' algorithm 
o f  computer science. Stricdy speaking, a truly greedy TLA  would consider several grammars 
(typically the number is constrained by a locality* heuristic) and pick the best (as determined 
by an objective function) to adopt as its new hypothesis. Since the T L A  randomly picks a 
new* grammar to test, it is not greedy in this sense.
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n <— the ?r o f parameters
G ot,  <— a grammar
Gonj <— a grammar

while G  curr ^  G bj.
s <— Gan, • generate_a_sentenceQ 
if  Gcurr • can_parse(s) do_nothing 
else

i <— random (1, n)
Gncu- <— Gcurr . flip_parameter(i) 
i f  Gncu • can_parse(s)

Gcurr  ̂ Gnt-a
else do_no thing }

Error-driven

SVC

Greediness

Table 4. The Triggering Learning Algorithm

The three constra in ts are intended to prom ote local h ill-c lim b in g  in the state space o f  

grammars. A fte r  each app lication o f  the parse test, Greediness and the SVC are m eant 

to w o rk  in  tandem  to  p rope l the learner's current hypothesis closer to  the target 

grammar as learn ing proceeds. The idea is that Greediness provides a simple heuristic 

to evaluate gram m atica l 'betterness' and the SVC keeps the learner from  wandering too 

far astray in  the gram m ar space, losing gains i t  made in  p r io r  learning trials. The p o in t 

at w h ich each constra in t comes in to  play is shown in  Tab le  4.

Berw ick and N iy o g i (1996) and Berw ick and N iyog i (1996), by running a sim ulation, 

demonstrate tha t these constraints do n o t a ffo rd  the T L A  any reliable advantage over 

an a lgorithm  tha t picks grammars at random  at least fo r  the small three-parameter 

dom ain developed by G & W . From  Berw ick and N iyo g i (1996):
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"T he  curve w ith  the slowest rate . . .  represents the T L A . The curve w ith  the 
fastest rate . ..  represents a random  step algorithm  w ith  no  Greediness 
C onstra int o r Single Value Constra int. Rates fo r Random  Step w ith  e ithe r the 
Greediness C onstra int o r  the Single Value Constra int lie between these tw o  and 
are very close to each o ther. T he  curves fo r  cases w-here the target is some 
[other] language . . .  are sim ilar, though n o t depicted here; Random  Step 
generally dominates the T L A ."

They also give anecdotal examples where the constraints clearly steer the  learner away 

from  the target based on idiosyncrasies present in  the language space be ing  searched. 

In  add ition , I have dem onstrated that a lthough Greediness by its e lf (w ith o u t the SVC) 

keeps the learner in  the v ic in ity  o f  the target language, i t  does so at the cos t o f  requiring 

the learner to parse an inord ina te ly  large num ber o f  sentences before m ak ing  a sh ift to 

a new gram m ar closer to  the target (Sakas and Fodor, 1997).

W hat has remained unanswered is the question: how- do  the SVC and Greediness 

interact in  general, especially in  domains w ith  more than three parameters? The 

sections that fo llow  address this question.

3.3 A  P robabilistic  F o rm u la tion  o f  the  T L A

Figure 8, below, depicts the local state space o f  a T L A  learner. T he  actions taken by 

the T L A  are represented by the arcs and are based on the outcom e o f  the parse test 

applied to  a sentence fro m  the target gram mar. Fo llow ing N iyo g i and B e rw ick  (1996),
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s~ L(Gi

a M arkov  structure can be created fro m  the state space by de term in ing  the p robab ility  

that any o f  the arcs is traversed. T he  structure can then be used to  calculate the 

learning rate o f  acquisition. T he  approach presented here d iffe rs fro m  N iyog i and 

Berw ick's in  that the probabilities are fo rm ula ted  incorpora ting  broad factors that 

indicate the general shape o f  the dom ain  as opposed to  characteristics o f  a specific 

dom ain under study. (See C hapter 2 fo r  discussion.)

Gcurr — 010. Gnew = randomGe {000,110,011 }

Error-driven

110

000 56 L(Garr)
SG L (G cut) A Gnew =  1 1 0  A SG L (G n o )

■) A Gnew = 000 A SG L(Gooo)
010

SG L(Gcurr) A Gnew =  0 1 1  A SG L ( G o il )

SG L(Gnew)

011
Greediness

Figure 8. Local state space for the TLA. G curr = 010.
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•  Let CCi denote the ambiguity factor o f  gram m ar G i. Gt, is the probability  that G , 

can parse an a rb itra rily  chosen sentence fro m  the target language L(G  orp).

P r( s €  L(Gtarp) A s G L(G,) ) o r  P r ( s G L(Gnrp) L (G ,))

•  Let X i, j denote the overlap factor. A*., is the p robab ility  that an arbitrarily chosen 

sentence fro m  the target language is parsable by bo th  G  t o r  G,.

=  P r ( s G L(Gnrg) n  L(G ,) n  L (G ,) ).

N o te  that A.M =  A^ and when j  — targ then A*,j =  CCi.

•  Let 7tj denote the probability" o f  picking o r  lo ok in g  ahead at a new hypothesis 

gram m ar G , fro m  Gcurr-26 Fo llow ing G & W , Ttj is assumed to  be constant across all 

parameters. T h a t is, V j, 7t, =  \ /n ,  where n — the num ber o f  parameters. N o te  

that picking is n o t the same as rnoiing. T he  learner m igh t o r  m igh t not subsequently" 

move to  G , depending on whether G  j can parse the curren t input.

N ow , the p ro b a b ility  that the learner moves fro m  G  curr to Gnew after receiving in pu t 

sentence s is equal to  the probability" that G  curr can not parse /, times the probab ility  that 

the T L A  picks G nw in  an attempt to parse s , times the probability" that the G nw  can 

parse s given tha t G  curr can no t parse s.

~r‘ A more rigorous notation would be to incorporate two subscripts on 7t, the first denoting 
the current grammar. However the current grammar is always identifiable from the context 
and so, fo r readability, the corresponding subscript is not used.
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Pr(G  curr y Gnew) ( 1 "OCcurr ) ( n̂cu*) Pr (G new can parse s | G curr can 't parse s)

where

P r(G n,-w can parse | Gcurr can't parse) =  ( On ew “ A<urr . new ) /  (1 -Ocurr)

So,

Pr(G  curr ^ Gnew) — (1  "Ctcurr ) ( Ttiew ) ( GCncw * ^curr . ntrw ) /  (1 -Ocurr)

The (1-Otcurr) terms cancel leaving;

Equation 2:

Pr (Gcurr —> Gnew) = ( TEncw) ( Oncw - ĉurr , new )

And the probability  that the learner retains the current gram m ar after consum ing an 

inpu t sentence is:

Pr (Gcurr —» Gcurr) = Ocurr + 2 (1-Ocurr) 7tk ( 1 - Pr(Gncw Can parse S | Gcurr Can't parse s) )

= Ocurr + 2 (1 “CCcurr) JEfc ( 1 - ( On ew - ^curr . new ) /  (1-Otcurr))

— Ocurr "E 2 7tk ( (1-Ocurr) - (1-Ocurr) ( On ew ~ ^curr, new ) /  (1-Otcurr))

— Ocurr "E 2 7tk ( (1-Ocurr) - ( On cw ~ A-curr, new ) )

Equation 3:

Pr(Gcurr ->  G curt) =  a curr+  2  7^ (1 - a cun. - ctncu. +  , _ )

2's are sums over k , where k  c { / :  G i d iffers from  Gcurr by one parameter value }
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Retention o f  Gcurr occurs i f  s can be parsed by the cu rre n t gram m ar (occurs w ith  

probab ility  OCcun) o r  i f  fo r  a ll gram mars G k  that d iffe r  by one param eter value from  

Gcurr, the T L A  picks G k  and G k cannot parse s. A ttach ing  probab ilities  to  the arcs in

Figure 8 gives us the M a rko v  state diagram o f  the local state space fo r  the T L A  (see 

Figure 9).

110

000 aoio

010

7tooo(1 -  CtOlO * CCOCO + A010.000 )) +  Ttno(1 -  OOlO-CtUO* A010.110 ) )  +  7 I0 ll(1  -  aoio *0 0 11 * Aoic.on)

011

Figure 9. Local space o f  a M arkov chain describ ing the 
outcom es T L A . T h e  current gram m ar =  010 .27

O ne detail remains to  be sorted out. Since the T L A  is e rro r-d riven  and the inpu t 

stream is generated entire ly  by G  once the learner hypothesizes G  nrj? it  w ill never 

leave. That is:

For clarity', I use two arcs, 010 —» 010, to separate the probabilities o f  1) a successful parse 
by the current grammar (010), and 2) a failure by 010 together w ith  a failure by an attempted 
grammar (one o f  000, 010 and 011). Traditionally this would be a single arc with the 
probabilities added together.
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Equation 4 P r ( G nrR —» G arJ  -  1

This implies that there are no arcs leaving G  on;.

Equation 5 P r ( G I;irK —> G J  = 0  Y  k , 0 <  k <  n

Thus fo r even.' g ram m ar G  i in  H n , g iven that the values fo r  Tt, and Oti are know n o r can 

be calculated, one can determ ine the probability  tha t the T L A  w ill m ove from  any 

gram mar to any o f  its ne ighboring  grammars. F rom  these transition  probabilities a 

transition diagram can be constructed and from  the trans ition  diagram we can 

construct a trans ition  m atrix. By calculating the fundam ental m a trix  one can arrive at 

the numbers o f  sentences the T L A  can be expected to  consum e during  the acquisition 

process (see Chapter 2 fo r  the mathematical details). T he  p rob lem  is that the number 

o f  states is exponentia l in  the num ber o f  parameters, and hence the calculations are 

intractable fo r  any reasonably sized domain.

3.3.1 G-Rings and L inguistic Smoothness

In  o rder to obta in som e ins igh t in to  how  the T L A  pe rfo rm s in  a dom ain o f  reasonable 

size, I w ill enforce a smoothness requirement. Recall tha t a G -R ing , is a class o f  

grammars such tha t each m em ber o f  Q\ d iffers from  the target gram m ar by i  parameter
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values (see Chapter 2). N o te  that G-R ings s tric tly  partition  the grammars in  the 

parameter space — even- gram mar belongs to  one and on ly  one G -R ing.

For example, Qo is the G -R ing  that contains the target grammar. Qz is the G -R in g  that 

contains all o f  the grammars that d iffe r fro m  the target grammar by tw o  parameter 

settings. A nd  Q n (n =  the total num ber o f  parameters) is the G -R ing  that contains the 

single gram mar tha t has even- parameter value opposite  o f  the target.

By viewing the param eter space in terms o f  G -R ings, the TLA can be regarded as 

shifting (o r not) fro m  a grammar in  one G -R in g  to  a grammar in  one o f  the tw o  

neighboring G -R ings. Assume the TLA is enterta in ing  some hypothesis G  curr €  ^  

and receives a random ly selected string s €  L(G tarK). I f  s can be parsed by Gcurr, the 

learner does n o th in g  and thus remains in  G -R in g  Q\ (fo llow ing  the erro r-driven 

constraint). O therw ise  it  changes one param eter value at random (the single value 

constraint o r  SVC) and attempts to parse s w ith  the new grammar G  new. Im portan tly , 

Gnew is stric tly  a m em ber o f  either a G -R ing  one closer to  the target grammar, o r  one 

further away (Gncw€= Q\+\ o r  Gnew £  ^ i-0 -  I f  Gnew can parse s, Gnew is adopted as the 

current hypothesis (Gcurr — Gnew ); the learner has m oved one G -rin g  closer to  o r 

further from  Guru- O therw ise Gcurr remains unchanged (the Greediness constrain t) and 

the T L A  is ready to  receive the next in pu t sentence. In  short, after receiving an input, 

the T L A  w ill:
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1) retain its current g ram m ar and remain in  the current G -R ing

2) move one G -R ing  closer to  the target, o r

3) move one G -R ing  away fro m  the target

N o te  that sta ting in  the cu rren t G -R ing  means s ta ting w ith  the curren t gram m ar; the 

T L A 's  constraints do n o t p e rm it sh ifting  to  a new gram m ar in  the same G -R ing.

A  conception o f  learning as passing th rough G-Rings is in su ffic ien t to  tractably model 

T L A  performance. T he  state space still consists o f  one state per gram m ar (the total 

num ber o f  grammars is 2 n). However, i f  Weak Smoothness is im posed ( Weak 

Smoothness Requirement — A ll the members o f  a G -R ing  can parse s w ith  an equal 

probability, see Chapter 2), the state space can be collapsed; each class o f  grammars in 

a G -R ing is represented by a single state. Probabilities re form ula ted in  terms o f  G-Rings 

and Weak Smoothness are substantially the same as those derived earlier in  Section 3.3 

. The derivation o f  the trans ition  probabilities fo llows im m ediate ly below.

•  OCi denotes the ambiguity factor o f  G -R ing  /. Ot, is the probability* tha t a gram m ar G  E 

Q\ can parse an a rb itra rily  chosen sentence from  the target language. I t  can be 

viewed as the p roba b ility  tha t an in pu t can be parsed by an a rb itra ry gram m ar in a 

particular G -R ing.
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•  Let Xiyj denote the overlap factor. is p robability  tha t an a rb itra rily  chosen sentence 

from  the target language is parsable by bo th  a g ram m ar in  G -R in g  Q\ and a 

grammar in  G -R in g  Q\. N o te  tha t =  Xoj =  OC,.

•  TU-m denotes the p ro b a b ility  o f  picking o r " lo o k in g  ahead" at a new hypothesis 

grammar G ntv,- tha t belongs to  a G -R ing  m rings c loser to  the target than ring  /. 

Likewise, 7t, -  m denotes the p robab ility  o f  p ick ing  a new  hypothesis grammar m 

rings fu rthe r fro m  the target. The  SVC ensures tha t m  =  ±1 fo r  all Q.

N o w  the p robab ility  tha t the learner moves from  G -R in g  Q\ to  Q x~\ , where Gcurr€E 

is:

Equation 6 P r(£ . Gl+l) = ( t t i-0  ( 0,-1 - X i.i-rl )

Similarly, the p roba b ility  tha t the learner moves fro m  Q\ to  ^ i  i is:

Equation 7 P f (^> ^>-l) — ( fti-0 ( 0,-1 - Xi.,-1 )

Finally, the probability ' tha t the learner retains the cu rren t g ram m ar (which implies that 

the learner w ill stay in  the same G -R ing) is:

Equation 8 Pr(££ —> (r«) =  O, +  I  7lk ( 1 - O, - OCk - Xi.it )
k c  | I - l .  I - r l l

This occurs i f  s can be parsed by the current gram m ar o r  i f  the T L A  picks a grammar 

from  the ring  one value closer to  the target, o r one value fu rth e r fro m  the target, and
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the new gram m ar cannot parse s. (The algebraic derivation o f  Equation 8 is identical to 

that o f  Equation  3, see Section 3.3 above.)

W hat remains is to  give a d e fin itio n  fo r  7E ,-i — the probability  that the T L A  chooses to 

look  ahead towards the target gram m ar and TU+1 — the probability  that the T L A  chooses 

to lo o k  ahead to  a grammar in  a G -R in g  away fro m  the target grammar. (Keep in  m ind 

that, as ou tlined at the end o f  C hapter 2, in  w ha t fo llow s the target gram m ar is assumed 

to be the vector consisting o f  all l's ).

The SVC dictates that fo r each learn ing event the T L A  can change the value o f  on ly  a 

single parameter. I f  the T L A  chooses to  f lip  a parameter value fro m  0 to  1 ,  G  ne w  w ill 

be in  a G -R ing  closer to the target than Gcurr (e.g. I l l ,  see Figure 10 below). I f  it  

chooses to f lip  a parameter fro m  1 to  0, i t  w ill be in  a G -R ing  fu rthe r fro m  the target. 

I f  all parameters are equally probable as candidates fo r  a flip , and n denotes the num ber 

o f  parameters that defines each gram m ar in  the parameter space, then:

Equation 9 TCi-i — i /  n

T h is  is sim ply the hamming distance fro m  the target (i.e., the num ber o f  zeros in  even' 

gram m ar vector in  G -R ing Q ) d iv ided  by the to ta l num ber o f  parameters. 28

Sim ilarly:

Recall from  Chapter 2, that the hamming distance is the number o f  bits (i.e. parameter values) 
bv which two b it vectors (grammars) differ. In  this case, since the target is equal to the bit 
vector made up o f  all ones, the hamming distance is calculated as the number o f  zeros.
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Equation 10 7 t|-i =  (t l — i) /  t l

This is the number o f  ones d iv ided by the to ta l num ber o f  parameters.

Using this fram ework I next construct M a rko v  transition matrices and determ ine under 

w hat circumstances the SVC aids in  the learn ing process and how  strong is the  e ffect 

o f  a sm ooth parametric dom ain on  T L A  learning. O f  particular interest w ill be w hat 

happens as the dom ain increases in  size.

3.3.2 An Example A pplication: The feasibility o f TLA. learning

In  o rder to illustrate the m ethodo logy em ployed in the experiments described 

th roughou t the remainder o f  the chapter, this section w ill fu lly  w o rk  th ro ugh  an 

application o f  the fram ew ork fo r  the T L A  executing in a space o f  three parameters 

(Hi, Figure 10). Subsequent sections w ill present results fo r Hs, 'H\q(H2o and Ti^.

100

011

111
101 001

110

010

000

Figure 10. Param eter space 'H i  w ith  G aiK = 1 1 1 .
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3.3.2.1 The Transition Probabilities

T o  be concrete, assume that there is a p ro b a b ility  o f  0.5 that a sentence can be parsed 

bv grammars in  Q \\ a probability  o f  0.3 that a sentence can be parsed by gram mars in  

Qz and a p ro b a b ility  o f  0.2 that a sentence can be parsed by bo th  a gram m ar in  Q \ and 

a gram m ar fro m  Qz-29 Furtherm ore, assume th a t the learner is currently hypothesiz ing 

G uo (a gram m ar in  Q \) and has received a sentence that can not be parsed. A  Iso 

assume tha t the p robab ility  that a gram m ar in  Qz, can parse an arbitrary in p u t is .4 and 

that a sentence can be parsed by bo th  a gram m ar in  Qz> and Qz is . 1.

T o  summarize the assumptions that are in  place:

Ctj = .4, CLz — .3, Oti == .5, Xo,i= CXi — .5, Pi 1.2 — .2, and A.2.3 =  .1

N o w , w hat is the p robab ility  that the T L A  w ill enterta in  a grammar in  Q z o r  Qo after 

receiving an in p u t sentence?

A pp ly ing  Equation 6:

Pr(Cji —» Qz) = Til ( Ct2 - X 1.2 )

((3-1) /3 )  (0.3 - 0.2)

0.0667

z> Note that the space is not strongly smooth. Recall from  Chapter 2, that the Strong 
Smoothness Requirement mandates that the closer the G -R ing is to the target grammar, the 
higher the probability that a grammar in the ring can parse an arbitrary input sentence 
generated by the target grammar.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



59

P r ( ^ i  —> § o )  — TIo ( CCo -  Xo.i )

(1 /3 ) (1 .0 -.5 )

0.1667

Similarly, the p robab ility  tha t the T L A  w ill stay in  Q \ can be established as 

using Equation 8.

Pr(iji —> — C t , +Z 7 t k ( l - 0 t i - 0 tk -^ i , k )
k = ! i-l. i+l 1

P r ( ^ i  —> Q \ )  — CXi 4- 7to(l -  Oti - CXo+Xi.o ) +  712(1 - CCi -  Ot2 + A .1. 2)

.5 +  1 /3  (1 - .5 - 1+.5) +  2 /3  (1 - .5- .3 +  .2)

.5 +  1 /3  (1 - .5 - 1+ .5) +  2 /3  (1 - .5 - .3 +  .2) 

.7667

A ll possible transitions are generated to  yield the fo llo w in g  transition matrix, 

shaded subm atrix contains the probabilities o f  the transient (non-absorbing) 

fro m  which the fundam ental m a trix  is derived (see C hapter 2).

Go Gz Gy Go
Go 0.8000 0.2000
Gz 0.1000 0.7000 0.2000
G\
Go

0.0667 0.7667 0.1667
1.0000

fo llow s

T he

states
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From this, the correspond ing  fundamental m atrix  can be derived (see Chapter 2):

Gz Gz Gy

Gz 8.5000 7.0000 6.0000
Gz 3.5000 7.0000 6.0000
Gy 1.0000 2.0000 6.0000

Adding the values o f  the firs t ro w  gives the num ber o f  sentences consumed on average 

before convergence starting fro m  state G  3. In  this example: 8.5 +  7.0 +  6.0 =  21.5.

This example was presented to  illustrate the step by step process by which the 

transition probabilities are derived and then em ployed in  the fram ew ork that w ill be 

utilized in  the rest o f  the dissertation. The in itia l assumptions were arbitrarily chosen 

to illustrate the technique involved. A  note o f  caution is needed. A lthough it  is 

tem pting to induce regularities from  single examples, 30 it  is im po rtan t to note that the 

effect o f  the Xs and CCs on  the fundamental m atrix  is com plex and requires 

experimentation w ith  a w ide range o f  values. Results fro m  such experimentation are 

given in what follows.

3.3.2.2 Constraints on A and Ot and Subset ̂ Avoidance

There are tw o constraints tha t need to be maintained on  X and Ot. One constra in t 

needs to be in  place due to  the nature o f  probabilities. The  o ther is imposed so as no t 

to permanently b lock the learner from  attaining the target grammar.

One might induce that less inputs are consumed starting from  grammars closer to the 
target because the sum o f  the th ird row' (closest to the target) indicates that only 9 sentences 
will be consumed as versus 21.5 — the sum o f  the first row  (further from  the target).
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(1) a, + a, - < 1

(2) 0 <  K ,  <  a ,  < 1  and 0 <  X q <  Ot, <  1

Constra int (1) indicates th a t the probabilities o f  tw o gram mars be ing  able to  parse an 

arbitrary sentence m ust n o t be greater than the entire p roba b ility  space. Fo r example, 

i f  G t can parse a sentence w ith  p robab ility  o f  .7 and G  , can parse a sentence w ith  

probability  o f  .6, then they bo th  m ust be able to parse some o f  the same sentences. 

O therw ise the p roba b ility  tha t e ither G ,  or G, can parse a sentence is 1.3 w h ich is 

greater than 1.0 w h ich  is im possib le. A n o th e r way o f  saying this is tha t the num ber o f  

sentences in L (G i) L (G ,) m ust be less than o r equal to  the num be r o f  sentences in 

L(Gtari:).

Constraint (2) states tha t the probability- o f  tw o grammars parsing a sentence must be 

strictly less than the p ro b a b ility  that e ither single grammar yields a successful parse. AM =  

a, implies that L (G ,) Cl L (G t). There is no set-theoretic reason n o t to a llow  such a 

subset relation, bu t i f  a learner's curren t hypothesis was G  j, the learner w ou ld  be 

blocked from  atta in ing the target gram mar due to the erro r-d riven  constraint. 

Specifically, this occurs w hen  an erro r-d riven  learner w ith  Greediness is entertaining 

the grammar that generates the superset, in  this example G  i. I t  w ill never hypothesize 

the subset G, on  a parse failure because all o f  the sentences in  G  , are (bv defin ition) 

included in the language generated by G  i f  a sentence cannot be parsed by G  t it  cannot 

be parsed by G j. Hence the learner w ill never encounter a sentence that: i) causes a

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



62

parse fa ilu re  w ith  G t, and ii) can be resolved by attem pting a parse w ith  G  ,. For the 

T L A  executing in  the G -R ing  fram ew ork  presented in  th is thesis, i f  th is subset relation 

is encountered, it  creates an insurm ountab le  leam ability p rob lem  since, at some point, 

the learner must pass through each G -R in g  (due to the SVC) on  the  way to the target. 

Thus, constra in t (2) guarantees th a t there is a possib ility  greater than zero o f  

encountering  a sentence tha t w ill a llo w  the learner to pass th rough the  cu rren t ring. 31

3 .3 .2 .3  Finding the M ost Advantageous Space fo r  Efficient T E A  Eearning

In  the example given at the end o f  section 3.3.2.1, the T L A  consum ed 21.5 input 

sentences on average before i t  a tta ined the target grammar, s ta rting  fro m  3 parameters 

away. In  order to  discover under w h a t cond itions the T L A  func tions  m ost efficiently, 

d iffe re n t values fo r (X and A, are app lied to  the M arkov fo rm a liza tion  o f  T L A  learning 

described up to this po in t. I  ran several experiments in  spaces o f  various sizes. A ll 

were run o n  parameter spaces tha t w ere weakly smooth. The experim ents involved:

•  fix in g  the parameter space so th a t grammars in all G -R ings are equally likely to 

parse an input sentence. V  i,j (Xi =  Of, .

'' In G & W s  3 parameter domain fo r testing the TLA , no language is a proper subset o f  any 
other. There is no mechanism o r constraint bu ilt into the T L A  that prevents superset 
hypotheses.
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•  fix ing the param eter space so tha t it  is strongly sm ooth  in  a linear fashion. 32 

V  i >  0, i <  a , - a ,+  i and V  i >  0, j >  0, a, - CXi+i =  Ct, - Ct,-i

•  find ing op tim a l values fo r OC and X  regardless o f  any s trong  smoothness relationship

between G -R ings. Th is allows fo r  'irregular' spaces in  w h ich  G-Rings are no t

related to adjacent G -R ings by strong smoothness.

Since the probabilities are real-valued and interact w ith  each o th e r and the constraints 

in  complicated ways, searching fo r  the m ost advantageous probabilities requires use o f  

an op tim iza tion a lgorithm . The results that fo llo w  were arrived at by applying a 

standard non-linear constrained op tim iza tion  a lgorithm : T he  Generalized Reduced 

Gradient (G R G ) a lgo rithm  (Lasdon and Waren, 1978) as im plem ented by F ro n t lin e  

Systems, Inc. I used M icroso ft's  Excel spreadsheet app lica tion  as the fro n t end to  the 

optim izer.

The basic approach was to  set the objective function  o f  the op tim ize r to  m in im ize  the 

average num ber o f  sentences expected fo r the T L A  to  acquire the target gram m ar 

subject to the constra in ts ou tlined in  the preceding section 3.3.2.2.

I use rH i as a concrete example to  illustrate the m ethodo logy employed in  choosing the

decision variables (the quantities that the optim izer is free to  manipulate) in o rder to

A non-linear, but still strongly smooth, domain would entail an acceleration in the 
probability o f  parsing success in G-Rings approaching the target. For example where (X, =  2 
a,.,.
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achieve the objective function — a m in im um  num ber o f  in p u t sentences. Results fro m  

larger spaces and discussion appear in  the sections tha t fo llow .

I firs t ran five experim ents by fix ing  a  at .01, .1, .5, .9, and .99 fo r all G -R ings d ic ta ting  

a un ifo rm  (not strong ly sm ooth) space and d e fin ing  X  as a percentage o f  CC (A% o r 

percentage overlap). Fo rm u la ting  X as a percentage was done in order to enforce the 

subset avoidance constra in t (constraint (2) ou tlined in  Section 3.3.2.2 above). G ive n  

these fixed values o f  CL, the optim izer was then able to  find  the m ost advantageous 

percentage overlap (X % ) — the value fo r  X%  tha t m in im ized  the average num ber o f  

sentences required fo r  the T L A  to attain the target (subject to the appropria te 

constraints). I then had the op tim izer find the low est values fo r  both Ot and X%.

These six results fo r *Hi are depicted in  Table 5 below .

a x% Avg # sentences 
until convergence

0.01 0.0001 310
0.10 0.0010 38
0.40 0.0002 19*
0.50 0.0002 20
0.90 0.8001 100
0.99 0.9801 1003

T a b le  5. Results from  6 feasibility experiments 
sim ulating T L A  learning in 7Y-, w ith  all G -R ing s  equallv 
likely  to parse an input sentence. T h e  o p tim ize r found 

.4 as the value fo r a  and .0002 fo r  X %  that minimizes 
the n um ber o f  sentences the T L A  requires to attain the 
target gram m ar.

N o te  that the o p tim ize r chooses values fo r X tha t rough ly correlate w ith  CL T h is  is 

consistent w ith  the results that fo llow . In  dom ains o f  high am biguity the T L A
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performs best w hen the languages are clustered together very tigh tly . A n  explanation 

and discussion is presented in  the next section (Section 3.2).

I then set the a s  so tha t the space was linearly sm ooth (no t u n ifo rm ). A n d  again the 

optim izer m in im ized  the average num ber o f  sentences required fo r  convergence by 

picking X%. F inally, I le t the op tim ize r pick all values. As expected, the algorithm  

picked values that resulted in  a low er num ber o f  required sentences. Th is  is labeled

Optimal in  Table 6.

A% a 3 a 2 CCi # sents

Linear increase in smoothness .99 0.25 0.50 0.75 22

Optimal .03 0.00 0.28 0.44 16

T a b le  6. E ffects  o f  strong smoothness on T L A  
perfo rm ance  in  "Hy.

The optim izer w o rks  by im p lem en ting  an iterative h ill-c lim b in g  strategy. Each step 

involves adjusting the decision variables in several d irections and checking the rate o f  

change o f  the ob jective  func tion . A fte r  determ ining the best d irec tion , the optim izer 

'plugs in' those values and repeats the process. The process ends w hen the optim izer 

can no longer adjust the cells so tha t a better objective is obtained. U n fortunate ly there 

is no guarantee that the true op tim a l objective w ill be obtained. T h is  is because there 

may be a locally o p tim u m  p o in t (or several locally o p tim u m  po in ts) that look to the 

optim izer as tru ly  op tim a l; no adjustm ent o f  the decision variables im proves the value 

o f  the objective fu n c tio n  at tha t step in  the process.
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Thus, in  o rde r to  determ ine the valid ity o f  the op tim iza tion , I  executed the a lgorithm  

many times w ith  random ly  generated starting values fo r  the decision variables. In  

theory, by starting o f f  fro m  many d iffe rent po ints, i f  local m axim a exist, each run  

should yield a d iffe re n t outcom e. Fortunately I found  the  results consistent regardless 

o f  the starting values. There was some small variation. T h is  leads to  the conjecture tha t 

there are several small local maxima o r 'bum ps' in  the v ic in ity  o f  the true g lobally 

op tim a l value.

H ow ever it  is im p o rta n t to  stress that this is an em pirica l conclusion. A lthough  the 

evidence is strong, there m ig h t be 'true' op tim al values o f  X%  and the (X's that are qu ite  

d iffe ren t than the presented results. 33

A  f in a l lim ita tion  o f  the approach is the need to  fo rm u la te  X  as a percent o f  (X ra ther 

th a n  freely a llow ing  a rb itra ry  values for the A.'s. VCTien le ft free to  chose the X's, the 

op tim ize r consistently focused on (and tried to  overcom e) the constraint intended to  

a v o id  subset relations between G-Rings. Specifically i t  a ttem pted to  make even' other 

r in g  a subset o f  its ne ighboring  ring. A lthough a 'clever' strategy in  that it  effective ly 

reduces the num ber o f  G -R ings by half, (some o f  these experim ents actually produced 

numbers somew'hat low er in  terms o f  num ber sentences consum ed by the TLA . than

”  T L A  learning in a weakly smooth domain can be formally modeled as a random walk in two 
dimensions. There is abundant mathematical literature on random walks. Unfortunately a 
preliminary exploration o f  a formal approach became unwieldy w ithou t certain homogeneity 
assumptions in place (e.g., setting all Xs equal to each other). Still, I would not rule out the 
possibility that such a form ulation could constructively be developed.
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specifying X as a percent), the resulting parameter space is far too  removed from  

linguistic p lausibility to  m e rit discussion.

3.4 T he F easib ility  o f  th e  TLA

3.4.1 Uniform probability o f a successful parse

Table 7 presents results fro m  tw en ty -fou r experiments sim ulating T L A  performance in 

un ifo rm  parameter spaces larger than H i  — spaces in  w h ich  the p robab ility  o f  a 

successful parse o f  (an in p u t sentence) is u n ifo rm  across G-R ings.
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K 5 10

a A.% Avg # sentences 
until convergence

a A% Avg # sentences 
until convergence

0.0100 00.00 1,198 0.0100 00.00 17,387
0.1000 00.00 151 0.1000 00.00 2,772
0.3802 00.00 81* 0.2856 00.00 2,005*
0.5000 00.20 85 0.5000 00.20 2,374
0.9000 89.00 428 0.9000 89.00 11,882
0.9900 99.09 4,396 0.9900 99.09 120,471

‘Kao

a x% Avg # sentences 
until convergence

a x % Avg # sentences 
until convergence

0.0100 00.00 7,344,041 0.0100 00.00 5,086,768,462
0.1000 00.00 1,793,571 0.1000 00.00 1,593,264,558
0.1967 00.00 1,624,850* 0.1618 00.00 1,528,362,614*
0.5000 00.20 2,223,099 0.5000 00.20 2,227,687,316
0.9000 89.00 11,120,586 0.9000 89.00 11,141,678,763
0.9900 99.09 111,840,694 0.9900 99.09 111,821,049,096

Table 7. Results from  24  feasibility 
param eter spaces o f  5, 10, 20 and  
likelv to parse an input sentence.

experiments sim ulating T L A  learning in 
30 parameters w ith  all G -R in g s  equally 

T h e  asterisk indicates the value that the
optim izer found  which m inim izes the num ber o f  sentences the T L A  is
expected to consum e in order to attain the target gram m ar.

Even at optimaJ rates o f  am biguity and language overlap (denoted by *  in  Table 7), 

parameter spaces w ith  a u n ifo rm  p robab ility  o f  a successful parse are n o t conducive to 

good T L A  perform ance. As anticipated by N ivog i and Berw ick, the num ber o f  

sentences required in  each o f  the learning situations studied, even a t the op tim a l rate o f  

ambiguity and overlap, is s till notably larger than a 'b lind ' learner tha t sim ply chooses 

grammars at random  w ith o u t taking in to  account any relevant features o f  the inpu t (fo r 

example success o r fa ilure o f  a parse test). Such a learner — w h ich  s im p ly  hypothesizes

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



69

a grammar at random  whenever a sentence is received — w o u ld  require 2 n (n =  num ber 

o f  parameters) sentences on average to  converge on  the target grammar. 34 Figure 11 

shows this exponentia l increase in  the size o f  the in p u t sample p lo tted  against the fou r 

optim al values o f  Ot and A. fro m  Table 7. Clearly this rate o f  perform ance is unsuitable 

fo r any psychologically plausible m odel o f  acquisition tha t is expected to  converge on a 

target gram mar in  a parameter space o f  a reasonable size.

10.000,000,000

1,000,000,000

100.000.000

10.000,000

E 1,000,0003<Nc
oo 100.000

Blind guess learner 
TLA10.000c««

1,000

100

10

30 3 510 15 250 5 20

# of parameters

Figure 11. Logarithm ic  p lo t o f  the o ptim a l n u m b e r o f  
sentences expected to be consumed before convergence  
against the n um ber o f  grammars in the param eter space. 
T h e  T L A  at its best requires m ore sentences than a 
learner that b lind ly selects grammars at random .

4 Sakas and Fodor (1997) discuss a variation o f a purely random learner that retains the 
error-driven constraint — the Unconstrained Error-Driven learner ( UED). They demonstrate 
that the number o f  sentences required on average for this learner is bounded from below by 
the purely random learner. In  the optimal case, the U E D  requires exacdy one sentence less 
than the random learner ( =  2 n — 1).
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The extreme num be r o f  inputs consumed by the T L A  is due to the fact tha t the T L A  is 

an extremely conservative learner. The SVC keeps the learner fro m  exp lo ring  

grammars far away fro m  the current grammar. A n d  even w ith in  the circum scribed 

local space sanctioned by the SVC, Greediness allows a shift to a new gram m ar 

hypothesis on ly  i f  the candidate grammar is good enough' to  license the curren t input. 

Fo r almost all com b ina tions o f  am biguity and overlap, the SVC and Greediness bias 

the T I A  to  rem ain in  place, retaining G  curr ra ther than adopting a new hypothesis 

gram m ar.35 F o r exam ple, Table 8 below indicates the probabilities, fo r  each G -R in g  in  

•Hio, of: 1) sh ift in g  to  a G -R ing  further fro m  the target, 2) reta ining the curren t 

grammar and 3) s h ift in g  to  a gram m ar in a G -R in g  closer to  the target gram m ar given 

the optim al settings (CX =0.2856, X%  =  0; see Table 7).

G -R ing that 
contains Away from G,arg Retain Gcurr Towards Garg

Gt„ 0.720 0.280
G> 0.028 0.720 0.252
G* 0.056 0.720 0.224
G- 0.084 0.720 0.196
G, 0.112 0.720 0.168
Gs 0.140 0.720 0.140
G* 0.168 0.720 0.112
Gj 0.196 0.720 0.084
Gz 0.224 0.720 0.056
Gx 0.252 0.676 0.072

T a b le  8. Probabilities that the T L A  w ill retain the 
cu rren t gram m ar o r shift towards o r  away from  the 

target g ram m ar in rH \«  given Gt =  0 .2 8 5 6  and X =  0.

”  The one exception is when Ot =  .5 and X = 0. In  this case the probability that the T L A  
shifts to a new grammar is exacdy equal to the probability that it retains the current 
grammar.
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Since the space is un ifo rm  w ith  regard to  Ot, attem pting to force the T L A  to m ove by 

lowering a  w o n 't w ork. D ue  to  the Greediness constraint, the p robab ility  o f  retaining 

Gcurr is determ ined by tw o factors: Ot ( i f  Gout can parse the current sentence, the T L A  

retains Gcurr), and the p robab ility  o f  a parse failure in  the event that G  out can't parse the 

current in p u t in  w h ich  case the T L A  attempts a sh ift by testing a candidate grammar. 

But the p robab ility  that the candidate gram m ar w ill license the in p u t sentence is no 

better than the probab ility  tha t G  our w ill license the sentence. 36 There fore  lo w  values 

o f  a  dictate that the T L A  w ill retain the current grammar due to  parse failure when 

applying the candidate to  the sentence, and high values o f  Ot w ill also force the T L A  to 

retain Gour due to  a high rate o f  successful parsing by G  our. T he  net e ffect is that 

values o f  Ct somewhat below  0.5 are the m ost conducive fo r T L A  learning. 37

Still, whatever the value o f  Ot, a high rate o f  gram m ar retention is exh ib ited by the T L A  

as depicted in  Table 8  above. Th is m igh t lead to  the conclusion that such an 

unavoidably high rate o f  re ten tion  (given a homogeneous value o f  Ct across G-R ings) is 

the cause o f  the exponential w o rk load  that the T L A  bears. This is n o t the case. T o  see

>(‘ This is so when the candidate is actually the target grammar, in which case the probability 
is 1.

An interesting phenomenon to note is that the optimal value o f  a decreases as the number 
o f  parameters increases. This leads to the speculation that TLA  performance w ill be optimal 
in large parameter spaces only at low  ambiguity rates. This might be because the tradeoff 
between conservatism and exploration is too costly in large spaces. The Error-driven 
constraint compels conservatism i f  the ambiguity rate is high. But it  w ill also result in 
aggressive performance in terms o f  attempting new hypotheses i f  the ambiguity rate is low. 
The more parameters there are, it appears the more exploration is required. Discussion 
along this line follows in subsequent sections fo r T L A  performance in strongly smooth 
parameter spaces.
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w hy this is so, it is useful to  cast T L A  learn ing in  a parameter space as a special type o f  

M arkov  process — an absorbing Random W alk with a reflecting barrier,:38 T he  idea is that the 

system can shift to one o f  tw o  adjacent states except at one 'end ' where there is on ly  

one adjacent state. For example, in  the transition  diagram depicted in  Figure 12, the 

learner can leave £73 on ly  to  enter state Qz. However, from  the o the r non-absorbing 

states, the learner has a choice o f  tw o  states to  sh ift to.

Figure 12 exactly models T L A  behavior in  param eter space H i. Probabilities n , n , n , 

etc. represent the probabilities that the T L A  w ill retain the cu rre n t gram m ar and are 

determ ined by Equation 8 . P robabilities p \,p i,p z , etc. represent the probabilities that the 

T L A  w ill sh ift towards the target gram m ar, and q\, qi, qi etc. tha t i t  w ill sh ift away from  

the target; these probabilities are determ ined by Equation 7 and Equation 6 .

Surprisingly, the factor m ost a ffecting the T L A 's  perform ance is n o t the high rate o f  

gram m ar retention; rather, i t  is the decreasing p robab ility  o f  m o v in g  towards the target 

(the last colum n in  Table 8). T o  be concrete, in  H \q, i f  the learner incorporated an

Figure 12. A  M arko v  chain representing a random  w alk  
w ith  one absorbing state Q» and one reflecting b arrier at

* This is frequently referred to as the Drunkard's Walk, the bar serving alcohol being the 
reflecting state, and the drunkard's home being the absorbing state.
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equal bias to  m ove towards o r  away fro m  the target (w ith  m odifica tions to  

accommodate the absorb ing and reflecting states), and m aintained the optim al rate o f  

grammar re ten tion  (.72 from  center co lum n o f  Tab le 8) we w ou ld  obtain Table 9

below-.39

G -R ing that contains Away from GQrg Retain Gcurr Towards

Gx» 0.720 0.280
G > 0.140 0.720 0.140
G * 0.140 0.720 0.140
G r 0.140 0.720 0.140
Go 0.140 0.720 0.140
G  5 0.140 0.720 0.140
G a 0.140 0.720 0.140
G , 0.140 0.720 0.140
G z 0.140 0.720 0.140
Gx 0.140 0.500 0.360

Tab le  9. Probabilities, fo r a m o d ified  T L A  that is 
eq u a lly  like ly  to shift towards o r  away fro m  the target 
gram m ar.

A pply ing  the usual techniques we discover tha t the to ta l num ber o f  sentences required 

fo r this system is o n ly  315 compared against the 2,005 required by the T L A . Increasing 

the retention rate to  0.9 fo r  the random  w alk a lgo rithm  yields an average num ber o f  

inputs consumed o f  on ly 831. The random  w a lk  is surpris ingly e ffic ien t compared to  

the T L A . Th is is because the num ber o f  inputs tha t can be expected to  be consumed

9 The transition probabilities surrounding the cwo end states are not equal. This follows 
from the fact that there is no G-Ring to the 'le ft' o f  the ring furthest from  the target 
grammar so the probability o f  shifting to the right from  Q w is doubled. Similarly, since the 
retention rate o f  Qn (=  r,, in
Figure 12) is equal to 1.0, there w ill not be a parse failure when £?,,is the candidate from 
The corresponding probabilities (those emitting from  Ql) were derived using Equation 9 and 
Equation 10 and setting 7 1 , . ,  = 7 1 , . ,  as described in the text that follows.
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by the random  w a lk  learner (unlike the T L A )  decreases as the learner approaches the 

target. T o  see w hy th is is the case, consider the learner in  a state tw o  transitions away 

from  the target. A lth ough  the system may wander away fro m  the target, on average, over 

many trials, i t  w ill require fewer inputs to  achieve the target fro m  a state tw o transitions 

away than fro m  a state fu rthe r (say fo u r transitions) away. This decreasing 

consum ption  is depicted in  Figure 13.

|  -«00 -
'20*4  A m o ig u ity  
40%

60 %

80%

20 25
•  P a r a m e t e r s

Figure 13. T h e  num ber o f  sentences consum ed in each 
state bv a random  walk learner.

I t  is in fo rm a tive  to contrast the decreasing in p u t consum ption  o f  a random w alk w ith  

the inpu t consum ption  o f  the T L A . This is shown in  F igure 14 below.
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Figure 14. T h e  average num ber o f  sentences consum ed  
in each state fo r both the T L A  and a lea rner that w ill 
sh ift towards o r away from  the target g ra m m a r w ith  an 
equal probability.

The T L A  spends the m a jo rity  o f  its time consum ing in p u t sentences in G-R ings m id ­

distance from  the target state. This is the result o f  the decreasing probability  o f  m ov ing  

towards the target as the target is approached. Since the values o f  CX fo r  all G -R ings are 

equal, the factors a ffecting  this decrease are the probab ilities  7 t i - i  and ~i-i (see Equation 9 

and Equation 10) o f  p ick ing  a grammar in  a G -R ing  one fu rth e r o r  one closer to  the 

target.

Recall:

Equauon 9 JTi-i — i / n  

Equation 10 TCi-t-i =  (n — i) / n

where /  is the (ham ming) distance from  the target and n is  the num ber o f  parameters

that need to be set. Basically these equations assert that th e  p robab ility  o f  choosing a
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gram m ar in  a G -R in g  closer to  the target is inversely p ropo rtion a l to  the distance o f  

Gcurr fro m  the target. The  e ffec t o f  these equations can be seen in  the last co lum n in  

Table 8.

I t  is im po rtan t to  note that these probabilities are unaffected by  any characteristics o f  

the in p u t sample, they are stric tly  dictated by  the learning a lgorithm  — specifically by the 

SVC. Roughly, th is is because as the learner approaches the target, m ost parameters 

arc set correctly, so a change is m ore like ly  to  sh ift the learner away fro m  the target 

rather than towards it. (Whereas fo r  the random  walk learner, a sh ift is equally like ly to  

sh ift in  e ither d irection.)

Since the SVC is the prim ary source o f  the p o o r  perform ance exh ib ited by the T L A  (in 

a u n ifo rm  parameter space) one m igh t conjecture that im provem ent w ou ld  result fro m  

a sim ple m od ifica tion  to  the T L A  that replaces the SVC w ith  a heuristic tha t guides the 

T L A  w ith  a 5 0 /5 0  chance o f  m ov ing  to  a G -R ing  one fu rthe r o r  one closer to  the 

target (setting ts-h =  ~,.i =  .5). In  the examples presented here, where it  is assumed fo r  

concreteness tha t the target is the gram m ar vector consisting entire ly  o f  l's , such a 

strategy could be p u t in to  operation, and it  w ould  certainly dram atically increase 

learning efficiency. U n fo rtuna te ly  this heuristic is impossible to  im p lem ent in  the 

general case where the target could be any com bination  o f  parameter values. In  this 

case, the learner w o u ld  have no way o f  de term in ing  in w h ich  d irec tion  the target lies. 

F o r example, i f  the target were 00101 in  "Jis, and the current gram m ar were 01111,
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toggling the firs t 0 to  a 1 w o u ld  move the learner away fro m  the target. Whereas i f  the 

target where 11101, togg ling  the first 0 w o u ld  m ove the learner closer. W ith o u t the 

help o f  an oracle that po in ts the way towards the  target, the T L A  is bound to the values 

o f  a as fo rm ula ted  above. Hence, the T L A  is doom ed  to  be overly conservative. As it  

approaches the target, in  a un ifo rm  space, the p roba b ility  o f  m ov ing  even closer 

decreases to  a level that forces the T L A  to  spend an inordinate am ount o f  tim e 

consum ing sentences m idw ay between the w o rs t g ram m ar hypothesis and the target.

It's clear tha t w ha t is needed fo r  feasible T L A  learn ing  is a factor w hich w ill 'p u li' the 

T L A  closer to  the target, a facto r which is s tron g  enough to mitigate the im ped ing  

deceleration caused by the SVC. In  the next section I  show  that Greediness can serve 

this function , b u t o n ly  in  strongly smooth param eter spaces.

Summary o f  this section: In  a parameter space in  w h ich  the probability  o f  a successful 

parse is hom ogeneous across all grammars, the num be r o f  in p u t sentences required by 

the T L A  rises exponentia lly  w ith  the number o f  parameters that need to  be set, even at 

rates o f  am bigu ity  tha t are optim al fo r T L A  learning. Th is poor perform ance is 

prim arily due to  the algorithm 's SVC and the SVC is unaffected by the degree o f  

am biguity o f  the in p u t sample. Notably, T L A  perform ance is worse than b o th  a 

learner w h ich  guesses grammars at random (w ith  an op tim a l inpu t sample) and a 

random w a lk  learner.
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3.4.2 Linear Strong Smo o thness

Next I consider the feasib ility o f  T L A  perform ance in  a linearly strongly sm ooth 

domain — a dom ain  in  w h ich  the p robab ility  o f  a successful parse correlates w ith  the 

sim ilarity o f  the cu rren t gram mar to  the target gram mar. In  this space the T L A  is a 

feasible learner.

To test this, I fixe d  the values o f  Ct so that they were linearly increasing as shown in

Equation l l : 40

Equation 11 Otj — (n — i +  1) /  (n+1)

As usual, i  — ham m ing  distance from  the target and n =  #  o f  parameters that need to  

be set.

I ran fo u r experiments, one in  each parameter space ( U s, 'Hxo.'Hzo and Hyo), having the 

optim izer fin d  the value o f  the overlap rate A %  tha t m inim izes the num ber o f  

sentences expected to  be consumed by the T L A . Consistendy, the optim izer found the 

optim al overlap rate to  be as high as possible w h ile  respecting the constra in t 

p roh ib iting  subset relations between G -R ings (i.e. Ot <  A). The results from  

experiments run o n  the fo u r domains are depicted in  Tab le  10 and plotted in  Figure 15.

This imposes strong smoothness such that the probability o f  a successful parse ( Ct) is 
equally distributed across G-Rings from  l / ( ; ; + l )  fo r Qn to 1.0 for Q„. In  general, a 
parameter space could be strongly smooth over any distribution on Cts. A ll that strong 
smoothness requires is that Ot,., <  a,.
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A lthough the p lo t indicates tha t the rate o f  increase in  in p u t consum ption is greater 

than linear, the relatively small num ber o f  sentences required fo r  the T L A  to attain the 

target in  a space o f  30 parameters lends strong support to  the cla im  that the T L A  is a 

feasible learner in  strongly sm ooth  domains.

G-Ring k % Avg # sentences 
until convergence

•H5 99.99 69
*Hy o 99.99 312
'Hzo 99.99 1,522
'H jq 99.99 3,777

T ab le  10. O p tim a l num ber o f  sentences required on  
average fo r  the T L A  to acquire G QrK in a linearly sm ooth  
dom ain .
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Figure 15. P lo t o f  num ber o f  sentences required on  
average fo r  the T L A  to acquire G QrK in a linearly sm ooth  
dom ain  against the num ber o f  parameters in the  
param eter space.
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T he learner is s till conservative. Tab le  11 depicts the probabilities o f  reta ining the 

curren t grammar, and m ov ing  towards o r  away fro m  the target g ram m ar in  tfi\o . As in 

the u n ifo rm  space described in  the preced ing section, there is a h igh rate o f  gram m ar 

re tention which increases as the T L A  approaches the target T he  T L A  also exhib its a 

decreasing p robab ility  o f  m o v in g  tow ards the target as it  approaches it. H ow ever, 

when the space is linearly sm ooth , the e ffec t o f  the Greediness constra in t is able to  

overcom e the conservativeness caused b y  the SVC. Th is  can be seen by  considering 

the firs t co lum n o f  probabilities in  Tab le  11.

G-Ring Away from Garg Retain Gcurr Towards Gtora
0.90908 0.09092

G, 0.00000 0.91816 0.08183
G« 0.00000 0.92725 0.07275
G- 0.00001 0.93633 0.06366
Go 0.00001 0.94541 0.05457
Gs 0.00002 0.95450 0.04548
G* 0.00003 0.96358 0.03639
G3 0.00004 0.97266 0.02729
Gi 0.00006 0.98174 0.01820
Gy 0.00007 0.99084 0.00909

Table  11. Probabilities that the T L A  w ill retain the  
current g ram m ar, o r  w ill sh ift to  a G -R in g  away fro m  o r  
towards the target in a linearly sm ooth ‘H \ n  dom ain.

Even though there is a very h igh re ten tion  rate, when the T L A  does sh ift, there is an 

extrem ely low  probability ' o f  sh iftin g  away fro m  the target gram m ar (relative to  the 

probability- o f  sh ifting  towards the target gram m ar). By de fin ition , the probability- o f  a 

successful parse is higher as the learner approaches the target. T he  T L A  exploits this 

characteristic o f  a strongly sm ooth  space. Since Greediness w ill n o t a llow  a sh ift to  a

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



candidate G -R ing unless a successful parse is obtained, and the p robab ility  o f  a 

successful parse decreases as the learner moves fu rther fro m  the target, the p robab ility  

o f  a sh ift away from  Garg is extrem ely low . The ultim ate e ffec t o f  this is tha t the SVC 

and Greediness quickly prope l the T L A  towards the target gram m ar fro m  G -R ings far 

away. W hen the T L A  is in  the v ic in ity  o f  the target, the conservative effect o f  the SVC 

kicks in  b u t is no t overw he lm ing since Greediness keeps the p robab ility  o f  the T L A  

sh ifting  towards the target greater than that o f  sh ifting  away fro m  the target. Th is  can 

be seen in  Figure 16 w h ich  depicts the num ber o f  sentences consumed in  each G -R ing  

as the T L A  approaches the target.
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Figure 16. N u m b e r  o f  sentences consum ed by the T L A  
in each G -R in g  o f  ‘H \n \n  a strongly sm ooth dom ain.

In  a strong ly smooth dom ain, the T L A  qu ick ly gets near the target and remains there 

un til i t  fina lly  shifts to  the target grammar.
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Summary o f  this section: In  a strongly sm ooth parameter space in which the 

probab ility  o f  a successful parse is correlated linearly w ith  the sim ilarity o f  a 

hypothesized gram m ar to the target grammar, feasible learning is attained by the T L A . 

The relatively lo w  num ber o f  sentences required to  converge on the target is p rim arily  

due to the a lgorithm 's Greediness constraint w h ich  biases the learner towards the target 

to a degree su ffic ien t to  o ffse t the slowdown caused by the SVC as the learner nears 

the target grammar.

3.4.3 Accelerating Strong Smoothness

The final experiment run on T LA  learning involved allowing the optimizer to freely pick the 

value o f  a  (as well as k%) fo r each G-Ring. The results are displayed in Table 12.

G-Ring k% Avg # sentences 
Until convergence

'Ms 9887 53
'Hio 9953 264
'M20 9958 1.408
'Mso 9999 3,658

Tab le  12. O p tim al num ber o f  sentences required on 
average fo r the T L A  to acquire G ar* in  an accelerating 
sm ooth domain.

The optim izer consistendy chose Ct's that accelerated the rate o f  a successful parse as the 

corresponding G -R ing approached the target G-Ring. The values fo r a  are depicted fo r “H,,, 

in Figure 17 below.
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F igure 17. T h e  values o f  a  fo r each G -R in g  picked by  
the o p tim ize r fo r 'H \,u  Th is  shape o f  the dom ain  
perm its  the m ost effic ient T L A  p erfo rm ance reported.

Clearly, the op tim ize r shaped the dom ain in  o rder to  increase the benefits afforded by 

the SVC and Greediness opera ting in  a linearly sm ooth  dom ain as described in the 

preceding section. T he  result is tha t T L A  learning efficiency^ is increased by a modest 

am ount over a linearly sm oo th  space. This is depicted in  Figure 18.
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Figure 18. T h e  num ber o f  sentences consum ed by the  
T L A  in  spaces w ith  accelerating smoothness and linear 
smoothness.

3.5 D iscu ssio n

The T L A  is an attractively simple a lgorithm  and by inco rpo ra ting  a parse test, G ibson 

and W exler have made an advance on previously existing acqu is ition theories in  tw o  

respects. F irst, the T L A  overcomes Valian's parsing paradox (see Section 1.4.1). 

Second, it takes the task o f  recognizing usable in pu t sentences seriously. In  the 

classical instan t-triggering m odel i t  was assumed that property" detectors fo r  each 

parameter were available that cou ld  deduce w h ich  param etric settings were necessary* to  

license the cu rren t sentence based solely on  the surface structure. As discussed in  

Section 1.4, the properties o f  natural languages make the task m uch harder than m igh t
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have been anticipated. O n ly  th rough  a parse test, which applies the gram m ar to  the 

sentence at all levels o f  derivation, can param etric evidence be obtained.

B u t testing a grammar is w o rk , and the T L A  can only reasonably test one gram m ar at a 

tim e, and so it  cannot scan the w h o le  dom ain o f  grammars in o rder to  select the one 

that best fits  the input. The  T L A 's  three constraints: the E rro r-d rive n  constraint, 

Greediness and the SVC, have the e ffec t o f  steering the T L A  closer to  o r  fu rth e r from  

the target grammar, as inputs are consumed, based on characteristics o f  the in pu t 

sample it  receives. These characteristics are determ ined by the shape o f  the parametric 

dom ain in  terms o f  w hich grammars are m ore o r  less likely to license the current input. 

F o r the T L A  to be successful as a m odel o f  natural language acquisition, it  appears that 

the dom ain being searched m ust adhere to  a s tric t strong smoothness requirem ent — 

the grammars most parametrically d issim ilar to  the target must be m ost unlike ly to  

license the current inpu t sentence. 41 (This smoothness re lationship can be linear o r  

accelerating.)

W hether o r  n o t natural languages are strongly smooth is unknow n. C hom sky has 

emphasized that small changes in  parameter settings can have considerable effects on 

the languages generated, due to  the rich interactions o f  principles, parameters and

41 O r the number o f parameters must remain low  w ith a conducive rate o f  ambiguity. Very 
roughly, the number a child m ight be expected to hear between 6 and 7 m illion sentences 
(Hart and Risley, 1995). There are several areas o f  Table 7 that fall under this number.
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lexical properties in  sentence derivations. F o r example, he writes (Chom sky, 1988, 

p.63):

"there is no sim ple relation between the value selected fo r a parameter 

and the consequence o f  this choice as i t  w o rks  its way through the 

intricate system o f  universal grammar. I t  m ay tu rn  ou t that the change 

o f  a few parameters, o r  even o f  one, yields a language that seems to  be 

quite d iffe ren t in  character from  the orig ina l."

I f  this is so, the degree o f  overlap o f  the param eter settings in tw o grammars (the 

num ber o f  parameter values they share) w ould  not corre late highly w ith  the degree o f  

overlap o f  the languages they generate; the gram m ar/language relationship w o u ld  n o t 

be a sm ooth one. Regardless o f  whether Chom sky's p o in t establishes non-sm oothness 

in  general, it  is clear that lingu istica lly plausible param etric descriptions w h ich  delineate 

unsm ooth domains can be easily arrived at. F o r example, in  G ibson and W exler's small 

dom ain o f  three w o rd  o rde r parameters (see Tab le  2 and Table 3 fro m  C hapter 3 

above), the sentence pattern S V O  is licensed by gram m ars that d iffe r from  each o ther 

m axim ally: even* one o f  the ir parameters is set d iffe ren tly . SVO  order is licensed by 

the gram m ar SV, V O  and -V 2 , and by the gram m ar VS, O V  and + V 2  (among others).

Even i f  natural languages were strongly smooth, the T L A  requires an excessive am ount 

o f  betwcen-language overlap in  the domain (greater than 99%) between languages 

generated by grammars in  neighboring G -R ings. For example, taking num bers 

displayed in Table 12 fo r  *7fio, relaxing the overlap percentage from  .9999 to  .9000
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(leaving the Ots fixed  in  a strongly sm ooth fashion) increases the expected num ber o f  

input sentences consum ed fro m  312 (fo r  .9999) to  1,181. Decreasing the percentage to  

.8 vields a result o f  2,259, to  .7 yields 3,233. These values are p lo tted in  Figure 19 

below.

To be concrete, i f  all languages in  *H\o consist o f  10,000 sentences, these numbers 

indicate that 9,999 o u t o f  10,000 m ust lie in  the in tersection between languages 

generated by gram m ars in  neighboring G -R ings, i f  learn ing speed is to be optim al. 

Even m ore s trik ing  is tha t the maximal d iffe rence between any tw o  languages in  the 

dom ain is 10 sentences in  o rder fo r learning speed to  be op tim a l. T h a t is, the language 

generated by the gram m ar in  ^ io  can d iffe r fro m  that o f  a gram m ar in  Q\ by, at m ost, 

10 sentences. Such a dense space o f  languages seems to  go against linguistic fact.
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Figure 19. Sensitivity o f  T L A  perform ance to the 
overlap between neighboring  G -R in g s  in 'H w . T h e  
param eter space is linearly strongly sm ooth.

A lth o u g h  these tw o  factors: strong smoothness and a high overlap rate, keep the 

dom ain manageable fo r  T L A  learning, there is s till an exponential increase o f  the 

num ber o f  sentences that the T L A  consumes w ith  respect to the num ber o f  parameters 

in  the dom ain . A  high overlap rate and s trong  smoothness are useful in th a t they keep 

T L A  perfo rm ance in  check fo r parameter spaces up to  around 30. B u t as the num ber 

o f  gram m ars in  the space approaches a tru ly  gargantuan number, induced by on ly  a 

m odest increase in  the num ber o f  parameters (2 50 =  1 ,1 25 ,89 9 ,9 06 ,842 ,620 ), T L A  

perfo rm ance m ig h t very well be significantly w orse than the perform ance in  the smaller 

dom ains depicted here despite the positive  e ffec t o f  strong smoothness and high 

overlap. In  the next Chapter a learning m ode l is presented that sets parameters
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ind iv idua lly  in an attem pt to  avoid the exponential explosion tha t ensues from  

evaluating collections o f  parameters as w ho le  grammars.
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4 T he Structural Triggers Learner

4.1 T h e  P aram etric  P rinciple

The T L A  assigns values to  parameters, b u t i t  does n o t  incorpora te  the central ins igh t o f  

parameter theory — w ha t we have called the Parametric Principle — set individual parameters; 

do not evaluate whole grammars (Fodor 1998, Sakas and F od o r, in  press; Sakas and Fodor, 

1998). Th is  is w h a t distinguishes a true parameter se tting  device fro m  learning systems 

o f  o ther kinds, and it  is the source o f  the enorm ous s im p lifica tio n  o f  the learn ing task 

fo r  w h ich the princip les and parameters m odel is renow ned.

The essential p o in t is that: i f  there are n b inary param eters and the learning procedure is 

able to establish the value o f  each one independendy o f  the others, only n successful 

learning events need occur fo r  convergence on  any one o f  2 n grammars. B y contrast, 

any learning device that evaluates grammars ra ther than  ind iv idua l parameter values 

faces a task tha t is correlated w ith  the num ber o f  gram m ars — exponential w ith  respect 

to the num ber o f  parameters. G ibson and W exle r o rig ina lly  tested the T L A  o n  an 

artific ia lly  small dom ain  o f  e ight languages defined by  three b inary parameters, where 

the extreme d ifference in  w ork load between setting param eters and selecting grammars 

did no t become apparent. B u t it  is clear fro m  the results presented in  Chapter 3 tha t i f  

the estimate o f  30 syntactic parameters fo r  natural language is m ore realistic, then the
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disparity is between se tting  30 parameters and checking m ore  than a b illio n  grammars, 

at least fo r domains that m eet a reasonable smoothness requirem ent.

A  useful way to  lo o k  at the d iffe rence between testing gram m ars and testing parameters 

is to  see convergence as the e lim ina tion  o f  all grammars o th e r than the target, and to 

consider how  e ffective ly d iffe re n t procedures manage to  elim inate grammars. A  

gram m ar-by-gram m ar test can elim inate them one at a tim e  at best, so even i f  the 

learner kept track o f  the fate o f  even* one, in  the w o rs t case i t  could take up to  2 n - 1 

e lim inative steps to  rule o u t all b u t the target. In  fact, the T L A  never elim inates any 

possible grammars at all, because it  does no t take the troub le  to  record negative 

outcom es o f  its parse tests. Presumably, this is because the slight reduction in  the 

search space that results fro m  e lim ina ting  individual gram m ars does no t compensate 

fo r  the cost o f  record-keeping on  such a vast scale. The re fo re  all grammars remain in  

the poo l from  w hich the T L A  selects a grammar to  test, w ith  the consequence that 

some incorrect gram mars may be tried o u t many times. M o re  im portan tly , the poo l o f  

potentia l grammars does n o t get any smaller as learning proceeds.

By contrast, true param eter setting perm its a very rap id  reduction o f  the poo l o f  

possible grammars. Each tim e a parameter is perm anendy set, one parameter value is 

elim inated. A nd  since h a lf  o f  all grammars have that param eter value, tha t elim inates
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from  consideration h a lf  o f  the candidate grammars remaining. 42 In  a dom ain o f  30 

parameters, setting one parameter rules ou t roughly 500 m illio n  grammars; setting the 

next one excludes another 250 m illio n ; setting five reduces the p oo l to  rough ly 3% o f  

its original size. Th is  is ho w  the Parametric Principle makes such a great difference to 

the scale o f  the learn ing problem .

Very few existing learn ing models abide by the Parametric Principle. Statistical 

weighting systems such as those proposed by Vaiian (1994) and K a pu r (1994), 

postpone setting a parameter fo r  some time w h ile  evaluating the evidence, but do 

eventually settle on a value fo r  each and set it  permanendy. T he  S tructural Triggers 

Learner described la ter in  this Chapter also is designed to  obey the Parametric 

Principle. I t  is surpris ing that a parameter-based learn ing m odel w ou ld  not take 

advantage o f  the reduction  o f  the learn ing problem  that the Parametric Princip le makes 

possible. There are no  com pensating advantages to  be gained by searching through the 

vast space o f  grammars. A t  best, clever search strategies may make i t  less punishing 

(cf. Clark 1992, G ibson  and W exler 1994, among others). I t  remains to  be seen, o f  

course, bu t at present i t  seems unlike ly that any im provem ent w ou ld  rival that due to 

the Parametric Principle.

4~ For simplicity I make the common assumption here that exactly ha lf o f  the remaining
grammars are eliminated by each parameter that is set, but this would not be so i f  there were
co-occurrence restrictions on parameter values or constraints on parameter accessibility such
that a parameter does not freely admit o f  either value in combination w ith all other
parameter values.
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The sole reason fo r v io la ting  the Parametric Principle, i t  appears, is th a t obeying it is 

too  d ifficu lt. The literature on language learnability does n o t make th is  clear; the po in t 

is rarely addressed explic itly . O n ly  C lark (1994) considers it, and he  judges that the 

com putational costs o f  respecting the Parametric Principle "are to o  great to  be 

acceptable." I f  true, this is a very consequential fact. Being forced to  give up the idea 

o f  'instant' triggering does some damage to Chomsky's o rig ina l conception o f  

parameter setting, b u t to  give up the Parametric Principle w ou ld  be  to  abandon its 

w hole essence.

In  this chapter, I  present an analysis o f  an approach that perm its true param eter setting 

in  accord w ith  the Parametric Princip le and demonstrate that C lark was correct to a 

degree — the Parametric P rincip le  does entail an exponential com pu ta tiona l cost in 

general. However, the analysis also indicates that there are specific dom ains in  which 

the learner is able to  achieve the target consum ing a reasonable n u m b e r o f  inputs. In  

these domains, the factors tha t contribu te  to  the exponential cost are kept to  modest 

levels early on  in  the tim e course o f  acquisition to enable successful param eter setting 

events to occur. As m ore and m ore parameters are successfully set, the generally 

exponential factors are held in  check; they never reach the p o in t  o f  inducing a 

com binatoria l explosion.
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4.1.1 Unambiguous triggers

A  param etricallv-princip led learner m ust be able to  establish a parameter value w ith  

su ffic ien t confidence to  be prepared to  rule ou t forever all grammars in  w h ich  that 

parameter takes the opposite value. I f  there is no noise in  the in p u t (which is the 

assum ption th roughout th is dissertation), there is no reason n o t to  set a parameter 

permanently, and perm anently discard its contrary value, as soon as clear evidence o f  

its value is received. H ow ever, a stochastic learning device such as the T L A  cannot do 

this because it  does n o t know when it  has received clear evidence fo r  a parameter 

setting, i.e., evidence that some sentence o f  the target language cannot be licensed 

(parsed) w ith ou t that value. The  SVC isolates the c o n tr ib u tio n  o f  an ind iv idua l 

parameter value in  the parse test, so the T L A  knows exacdv w h ich  value po tentia lly  

earns support fro m  the success o f  the parse. But the suppo rt is on ly  potentia l, no t 

reliable confirm ation, because the sentence m igh t have been am biguous and the parse 

assigned to it  m igh t have been the w ro n g  one. In  that case the positive  outcom e o f  the 

parse test provides no evidence at all fo r  that parameter value; fo r  all the learning 

system can know, the sentence is equally com patib le w ith  the opposite  value.

Is there any way o u t o f  this uncertainty? T he  uncertainty w o u ld  n o t arise i f  there were 

no parametric am biguity in  the dom ain  and i f  the learner knew' that were so; b u t tha t is 

n o t realistic fo r natural language. A lte rna tive ly , the uncertainty' due to am biguity could 

be avoided by the learner i f  i t  cou ld  establish w h ich  inputs  were param etrically
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ambiguous and re fra in  from  setting parameters in  response to  them . Learn ing w ould 

be based solely on  unambiguous triggers. 43

4.2 T h e  S T L  A lgorithm

For the T L A , a trigger is a sentence that causes the learner to change o r  f lip  a parameter 

value. In  this chap ter 1 introduce a m odel — The Structural Triggers Learner (STL) (Fodor, 

1995; 1998) — tha t takes a significandy d iffe re n t v iew  o f  the triggering process.

The surface w o rd  o rde r o f  an inpu t s tring provides insuffic ient evidence to  know  fo r 

certain that a pa rticu la r parameter setting is correct. Recall fro m  Sections 1.2 and 1.4.1 

that the underly ing  order (im portantly, the  o rder relevant to  uncover the correct 

parameter settings) can be altered by m ovem ent operations. Hence, the true parameter 

values are n o t readily apparent in the strings tha t comprise the in p u t sample; on ly after 

determ in ing w h ich  transform ational operations have been applied, can the correct 

values be iden tified . Th is is a d iff ic u lt task g iven that one surface structure (word 

string) m igh t be derived from  several (underly ing) base structures; i.e. the input 

sentence cou ld  be ambiguous.

Fodor presents an ingenious approach tha t makes uses o f  the hum an parsing 

mechanism to  detect parametric am biguity. In  her S T L  model, triggers and parameter

4' O f  course this strategy w ill fail as a cognitive model o f  language acquisition i f  the domain 
o f natural languages contains no unambiguous triggers. Whether or not this is the case is an 
important determination that remains to be made. See Chapter 5 fo r discussion.
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values are the kinds o f  things that are ingredients o f  gram m ars and ingredients o f  trees. 

Suitable as ingredients o f  grammars, they are all com b ined  in to  one large grammar 

(termed a snpergramrnar) w h ich  the parser applies to the in p u t in  exacdv the same way as 

any o ther grammar. N o  unusual parsing activity is needed, yet all parameter values are 

evaluated at once. Parameter values suitable as ingredients o f  trees, are detected in  the 

parse trees ou tpu t by the parser, so that the learning device is able to  see w h ich  o f  them 

had contributed to  parsing an in p u t sentence and w o u ld  k n o w  w h ich  to  adopt.

A  subtree consisting o f  just a few  nodes a n d /o r feature specifications serves both 

purposes. A  trigger and the parameter value it  triggers are then be identical, so that 

on ly  one innate specification is needed, rather than linked specifications o f  parameter 

values and their triggers. U G  provides a poo l o f  these schem atic treelets, one fo r each 

parameter value, and each natural language chooses to  em p loy some subset o f  them. 

As trigger, a treelet is detected in  the structure o f  in p u t sentences. As parameter value, 

it is then adopted in to  the learner's current grammar, and is available fo r licensing new 

sentences.44

Consider an example. F o r the Com plem ent-fina l value o f  the V -be fo re -O  parameter 

discussed in Section 1.4.1, the structural trigger (parameter value) m igh t be a VP

44 See Sakas and Schmeidler (in press, 1997) for a description o f  a computer implementation 
o f  an STL parser that can handle the small, 3-parameter domain o f  G & W  described in 
Section 3.1 .
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subtree w ith  the verb preceding the object. For the C om p lem ent-in itia l value, the 

treelet w ould be the m ir ro r  image w ith  the object preceding the verb. See Figure 20.

VP VP

V  D P  D P  V

T rcd c r  that the p n m m a r  o f  K nglish  co n ta in s T ree le t th a t th e  g ram m ar o f  Jap an ese  con tains

Figure 20. T w o  structural triggers o r param eter values 
fo r the V -b e fo re -O  parameter. A lth o ug h  a determ iner  
phrase (D P ) is chosen fo r this exam ple, any tree-based  
linguistic description o f  object position could  have been  
used.

A  treelet such as one o f  these reflects underlying o rde r in  any language w ith  that value. 

Assum ing that the parser's o u tp u t is a surface structure tree after m ovem ent 

transform ations have been applied, the parameter value treelets depicted in  Figure 20 

w ill reflect underlying o rd e r as long as its terminals are n o t constrained in  any way; 

when the underlying structure  has been transformed, e ithe r N P  o r  V  o r  bo th  could be 

traces. Thus the 'E ng lish ' parameter value treelet in  Figure 20 w o u ld  contribu te  to 

parsing not on ly  I  despise decaf b u t  also Decaf, I  despise w ith  the O  m oved o u t o f  VP , and 

n o t on ly I have some change b u t also Havejou any change? w ith  the V  m oved out.

The structural triggers em ployed by the learner are exacdy those elements, whatever 

they are, that U G  specifies as the sources o f  possible cross-language variation. These 

structural triggers make i t  possible to  attain the goal o f  e ffic ien t e rro r-free learning.
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Suppose that the S T L  attempts (like the T L A )  to  parse each in pu t w ith  the curren t 

gram mar Gout first. I f  tha t fails, i t  tries again w ith  the supergrammar consisting o f  G  cun- 

w ith  all U G -p ro v ide d  triggers/param eter values fo lded  in to  it  (o r m ore precisely: all 

those not yet de fin itive ly  d isconfirm ed by previous learning). U n like  the T L A  m odel, 

the STL makes crucia l use o f  the structural analyses assigned to strings by the parsing 

routines. T o  say tha t a parse w ith  G  curr fails is n o t to  say that there is no structural 

ou tpu t at all. The parser w ill bu ild  as m uch o f  the tree as G  licenses before i t  is forced 

to a halt. A t  this p o in t, i t  needs a new param eter value in  order to  proceed. I t  w ill then 

draw* on the poo l o f  additional treelets p rov ided  by  U G  in  an a ttem pt to  fin d  one (or 

more) to com plete the parse tree. Thus the learn ing device does no t a ttem pt to  d irectly  

identify  the trigger treelets in  inpu t sentences. Rather, i t  contributes the triggers to  the 

input, when parsing cannot proceed w ith o u t them ; a parameter value treelet m ust be in 

the target gram m ar i f  i t  finds that tha t treelet and no o ther can enable an otherw ise 

blocked parse.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



99

A  A
Currently unused 
param eter values 
supplied by L*C»

structure

Parser

A
C urrent gram m ar

Figure 21. A n  exam ple o f  h o w  the S T L  adopts a n ew  
param eter value. T h e  figure depicts a sentence that 
cannot be parsed by the current gram m ar b u t can be  
parsed by the supergram m ar (the current g ram m ar plus 
all currendy unused param eter values). Assum ing no  
choice points were encountered during the parse, the  
param eter value treelet that was used in the com plete  
parse tree can be adopted in to  the current gram m ar.

But what i f  an in p u t sentence is param etrically ambiguous? I f  i t  is, the supergrammar 

w ill define m ore than one parse tree fo r it. A t some p o in t in  the parsing process, 

therefore, the parser w ill be faced w ith  a choice between tw o  (or m ore) analyses. So to 

detect parametric am biguity, the parser needs to note w hen a choice p o in t arises in 

parsing w ith  the supergrammar, a p o in t at which tw o  (o r m ore) analyses present 

themselves. I f  there is no such choice po in t, the in p u t has just one supergrammar 

parse. I t  is param etrically unambiguous, and every parameter value present in the 

parse-trce is correct; the learner should adopt all o f  them that are n o t already in  G  cun -.45

45 Note that there is no need in this system for an SVC-like constraint.
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The same applies to  any parameter values involved in  the analysis o f  the sentence p rio r 

to a choice p o in t in  the parse, since the sentence is unambiguous up to  that point. I f  

and when a choice between alternative analyses does arise, there are several strategies 

the learner m igh t adop t (cf. Fodor 1998). The one I  address in  th is thesis is called the 

ii'aiting-STL. I w ill use the terms waiting-STL and sim ply S T L  interchangeably to refer 

to the w a iting-STL unless specifically stated otherwise.

A  waiting-STL em ploys a type o f  serial parser, know n as a flagged serial parser (Inoue and 

Fodor, 1995) w h ich  squares w ith  a w idely help v iew  o f  adu lt sentence processing. 

VCLen the parser notes a choice p o in t in  a sentence, it  selects one analysis to pursue fo r 

purposes o f  com prehension and it  ignores all o ther analyses. B u t i t  reports the 

presence o f  ambiguity' to  the learning mechanism, and the learner thereafter adopts no 

new parameter values on  the basis o f  that sentence. 46

M ost im portandy, the w a iting -S TL obeys the Parametric P rincip le and reaps all o f  its 

benefits (outlined above). Because the waiting-STL does no t take chances, it  can set 

parameters w ith  confidence, so it  can be confident enough to  discard incorrect values, 

and cut the size o f  the subsequent learning problem in half. N o te  that the waiting-STL 

is a true parameter setting device w'hich obtains separate evidence (in the ou tpu t parse 

tree) fo r each parameter involved in the derivation o f  a sentence. I t  does not test

The waiting-STL that is formalized below does not take advantage o f  unambiguous 
beginnings o f  sentences. I t  is possible that a waiting-STL that is able to use unambiguous 
beginnings m ight be somewhat more efficient.
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grammars as wholes. T he  successive halving o f  the learn ing  p rob lem  manifests itse lf as 

a reduction in the num ber o f  alternative potentia l parses subsequent sentences w ill 

have. The num ber o f  po ten tia l parses w ill be high to  start w ith , because all the U G  

parameter values are available. Thus, many alternative sentence structures can 

potentia lly be derived. A s m ore and m ore parameters are set, the num ber o f  alternative 

structures w ill shrink- Thus there is progressive disambiguation o f  the in p u t as learning 

proceeds.

Eventually, at the p o in t o f  convergence on the adult (target) gram m ar, all sentences w ill 

be parametrically unam biguous (the on ly  ambiguity' tha t rem ains w ill be any structural 

ambiguity inherent in  the target gram m ar itself). For the w a iting -S T L , the advantage o f  

elim inating w rong  param eter values is that the p ro p o rtio n  o f  sentences that are fu lly  

unambiguous param etrica lly w ill increase as learning proceeds. A  sentence that was 

unusable fo r  acqu is ition due to  ambiguity- early on  in  the learn ing process could 

become usable subsequently.

I argued in  Section 4.1 tha t the Parametric P rincip le  is a v iable way to  defeat the 

potential exponentia l complexity- o f  the learning task. Since the S T L  is a true 

parameter-setting device w h ich  respects the Parametric P rinc ip le , th is hypothesis can 

be can pu t to the test. In  the next section I investigate w h e th e r the w a iting-STL does 

indeed reduce the learn ing  p rob lem  to  one whose w o rk load  is linear in  the num ber o f  

parameters, as envisaged on  the basis o f  Chomsky's deve lopm en t o f  P & P  theory. The
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surprising answer is tha t the Parametric Principle does no t, in  general, entail a linear 

increase in w o rk load  as the num ber o f  parameters increases. However, there are 

specific domains in  w h ich  the learner is able to  achieve the target consum ing a 

reasonable num ber o f  inputs.

4.3 A p ro bab ilis tic  fo rm ulation  o f  th e  STL

Since the S T L abides by  the Parametric Principle, a M arko v  fo rm u la tion  useful to 

analyze perform ance does n o t require states w h ich  represent the grammars o f  the 

parameter space. Instead, each state o f  the system w ill depict the num ber o f  

parameters that have been set, t, and the state transitions w ill represent the p robab ility  

that the STL w ill adop t some num ber o f  new param eter values, tv , on the basis o f  the 

current state and w hatever usable parametric in fo rm a tio n  is revealed by the curren t 

inpu t sentence.

Figure 22. A  possible state space for the S T L  p erfo rm in g  in  param eter space 'H v 
N odes represent the current num ber o f  parameters th a t have been correcdy set and 
arcs represent a possible increase in the num ber o f  param eters set. O nce the learner 
enters state 3. it  has converged on the target. F o r  the purposes o f  this exam ple, 
each inpu t expresses a m axim um  o f  2 parameters. I.e . an inpu t may express 0 , 1 or 
2 new param eters (w  =  0 , 1 o r 2).
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In  other respects, the approach is identical to  tha t used to  m odel T L A  performance: 

F irst one determines the transition  probabilities o f  the M a rko v  system that corresponds 

to the process o f  param eter-setting by the S T L (i.e. attach transition probabilities to  the 

arcs o f  Figure 22). T h e n  one calculates the fundam enta l m atrix , w h ich  w ill yield the 

expected num ber o f  sentences required fo r  the learner to  converge on the target (see 

Chapter 2 fo r details).47

The fo llow ing  factors (described in  detail below) de term ine the transition probabilities:

•  the num ber o f  parameters that have already been set ( t )

•  the num ber o f  parameters relevant to the target language ( r  )

•  the expression rate ( e )

•  the effective expression rate ( e f)

N o t all parameters are re levant parameters. Irre levant parameters con tro l properties o f  

phenomena n o t present in  the target language, such as c litic  o rder in  a language w ith o u t

clitics. For ou r purposes, the num ber o f  relevant parameters, r, is the total num ber o f

4 What follows is a presentation o f  one method for arriving at the expected size o f  the input 
sample consumed by the waiting-STL. As stated, this approach is identical to that discussed 
in earlier chapters. There is at least one other approach that can be used for establishing 
these results. I t  utilizes dynamic programming to compute the fo llow ing recurrence relation: 
that the expected sample size required, on average, to set n parameters can be determined 
from the size required to set n-i, 0<i<e parameters, together w ith  the probability o f  setting /  
additional parameters given that n-i have been set. See this chapter's appendix fo r the 
relevant formulae.
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parameters that need to  be set in  o rder to  license all and o n ly  the sentences o f  the 

target language.

O f  the parameters relevant to  the target language as a whole, o n ly  some w ill be relevant 

to any given sentence. A  sentence exp resses  those parameters fo r  w h ich  a specific 

value is required in  o rder to  bu ild  a parse tree, i.e. those parameters tha t are essential to 

its structural description. F o r instance, i f  a sentence does n o t have a relative clause, it  

w ill no t express parameters that concern on ly  relative clauses; i f  i t  is a declarative 

sentence, it w o n 't express the properties peculiar to  questions; and so on. 48 The 

expression rate, e, fo r  a language, is the average num ber o f  parameters expressed by its 

input sentences. For now , I  w ill assume tha t e is the same fo r  all target language 

sentences. (This is surely n o t a linguistically realistic assum ption — see section 4.4.1 fo r 

discussion and alternatives). As a measure o f  am biguity , consider that each sentence, 

on average, is ambiguous w ith  respect to  a  o f  the parameters it  expresses. The 

e ffec tive  rate o f  exp ress io n , e  \ is the mean p ropo rtion  o f  expressed parameters that 

are expressed unam biguously (i.e., e’ — (e - a ) /e ).

The learner starts o u t in  a state where no parameters are set ( So) and then moves closer 

and closer to  the target as more and m ore parameters are de fin itive ly  set. The 

probability  o f  the transition  from  one state to  another is determ ined by the parse test 

o f  the current input.

4h O f  course, the parameters fo r relative clauses and questions w ill (typically) be relevant to 
the target language as a whole.
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The learner does not change state if:

•  the input is am biguous, o r

•  all the parameters expressed by the in pu t have already been set.

The learner w i l l  change state if:

•  The inpu t is unam biguous, and

•  the inpu t expresses parameters tha t have no t yet been set.

The background is n o w  in  place to  present a derivation o f  the num ber o f  inputs the 

S TL can be expected to  consum e before converging on  the target gram m ar.

Let the probability  tha t the system wall change from  an a rb itra ry  state St to  state S:~M be 

depicted as P(St—► S:~u); th is is the trans ition  p robab ility  tha t the S T L  w ill m ove from  a 

state in which t parameters have been set ( Si) to  one in  w h ich  t+w  parameters have 

been set (JV-r*). T h is  p roba b ility  is derived by firs t calcula ting the p roba b ility  tha t the 

learner is exposed to  a sentence conta in ing  one o r m ore  parameters (expressed 

ambiguously o r unam biguously) that have n o t yet been set. T he n  the p robab ility  that 

the S T L does n o t have to  discard that sentence because i t  contains an am biguity is 

derived. C om b in ing  these probabilities, a form ula is a rrived at w h ich  yields the 

probability' that the learner w ill adopt i r n e w  parameter values (0 <  n> <  e) on  the basis 

o f  a given input sentence, g iven that t parameters had already been set.
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T o  present the de riva tion , i t  is useful to  set am b igu ity  aside fo r  a m oment. In  o rde r to 

set all r parameters, the  S T L  has to  encounter enough batches o f  e param eter values, 

possibly overlapp ing w ith  each other, to make up the fu ll set o f  r parameter values that 

have to be established. Le t H(w \ t,r,e) be the p ro b a b ility  tha t an arbitrary in p u t sentence 

expresses w new (i.e., as yet unset) parameters, o u t o f  the e parameters expressed, given 

that the learner has already set t parameters (correctly'), fo r  a dom ain in  w h ich  there are 

r tota l parameters th a t need to  be set. 49

H(w | t,r,e) is s im ply the  num ber o f  ways s can express w unset parameters draw n fro m  

the current to ta l p o o l o f  unset parameters (the size o f  w h ich  is r - /), times the num ber 

o f  ways s can express e-w previously set parameters fro m  the total co llection o f  t  set 

parameters, d iv ided b y  the to ta l num ber o f  ways s can express e parameters o u t o f  all r 

relevant ones. Th is  is displayed in Equation 12:

'  r - t
w

Equation 12. H (w  \ t, r ,e ) =  -------- .
(  r

ev /

N o w , to  deal w ith  am biguity ' I  bring the e ffective  rate o f  expression, e\ in to  play. Recall 

that e is the p ro p o rt io n  o f  expressed parameters tha t are expressed unambiguously.

4) Readers familiar w ith  basic probability theory w ill recognize the probability o f  choosing »’ 
o f  a kind, w ithout replacement, from a batch o f  e items from  r  total items as being 
hypergeometrically' distributed., hence the function name H.
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Thus the probability  tha t any single expressed parameter is expressed unambiguously is 

also e'. The probability ’ tha t all o f  the expressed b u t as yet unset parameters are 

expressed unambiguously is (e)".. Tha t is, the p roba b ility  tha t an input is effectively 

unambiguous and hence usable fo r  learning is equal to  (e'J*.

W e are now  in a pos ition  to  give the form ula fo r the probability ’ P(St—► St+a,), tha t the 

S TL w ill set lr add itiona l parameters after encountering an arbitrary inpu t sentence 

given: t  parameters had prev ious ly  been set, a tota l o f  r  parameters need to  be correctly 

set to  acquire the gram m ar, the sentence expresses e parameters and the ra tio  o f  

unambiguous expressed parameters to  the tota l num ber o f  expressed parameters is e. 

For clarity, I w ill sometimes w rite  P(w\t,r,e,e) to  mean exacdy P(St—► St+a>).

For values o f  iv o ther than 0, the probability  o f  setting »' new  parameters is sim ply the 

p robab ility  that iv o f  the e parameters expressed are curren tly  unset (=  H(w\t,r,eJ), times 

the probab ility  that all » ’ parameters are unambiguously expressed ( =  ( e)v ).

The probability  o f  setting 0 parameters ( »' =  0) is the probability ’ that all e parameters 

the sentence expresses have already been set ( =  H (  0 | t,e,r ) ), plus, the sum o f  the 

probabilities that the sentence expresses a certain num ber o f  parameters, all unset
vrum e .r - n

(=  ^  H(i\t,r,e)), b u t all expressed ambiguously (=  (1 — (e') ') ) .  See Equation 13 below.
i = i
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0 <  vv < e

Equation  13. P(w\ t, r, e, e') = ]

Equation 14 gives the probab ilities  fo r  all possible transitions o f  a M a rko v  system that 

models STL perform ance (tha t is, P(Sr~* Sr+a,) fo r all 0 <  /  <  r, 0 <  iv < e, t+w  <  r). In  

the next section I w o rk  th rough  the details o f  a specific example o f  m odeling the 

effic iency o f  STL learning in  *Hs.

4.3.1 An Exam ple A pplication: The feasib ility o f S TL learning

.96 .868 .876 .92 1.0

Figure 23. A  M a rk o v  transition diagram fo r an S T L  
learner, w h ere  r  =  5, e —2  and the ambiguity rate is 8 0 %  
— on average, 1.6 parameters out o f  the 2  expressed, are 
expressed am biguously. T h a t is: a=1.6 , e' — 0.2.
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Figure 23depicts a tran s ition  diagram fo r  STL learn ing where r =  5, e = 2 and e =  0.2. 

Each arc represents a possible transition and the p roba b ility  o f  each transition is 

derived from  an app lica tion  o f  Equation 15 in the preceding section.

For example, assume tha t du rin g  learning the S T L depicted in  Figure 23 has already set 

3 parameters. A fte r  rece iv ing  an in pu t it:

i. may n o t be able to  set any new parameters,

ii. may be able to  set one additional parameter o r perhaps

iii. sets tw o  new parameters.

The probability  o f  the  S T L  changing state from  having set 3 parameters to  having set 5 

(fo llow ing  iii above) is PfSj—► S>) = P( 2 \ 3, 5, 2, 0.2). Th is  is the probability

o f  setting 2 newr o r  p rev ious ly  unset parameters given that 3 have been set and that the 

inpu t expresses 2 o u t o f  5 relevant parameters tha t need to  be set w ith  a 20%  chance 

that each parameter is expressed unambiguously. Here is the exact calculation:

P ( S i S i )  = P ( 2  | 3, 5, 2, 0.2)

=  H (2  | 5, 5, 2) (0 .2 f

= . 1 (0.04)

= 0.004
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As a second example, the probability  o f  sh ifting  fro m  state S 2  to  state S 3  is:

P t f r -  S 3) = P (1 \ 2, 5, 2, 0.2)

= H (1  | 2 , 5, 2 ) (0 .2 ) '

=  -6 (0.2)

=  0.12

As a final example the p robab ility  that, i f  the learner is in  state A/, it  stays there, is 

calculated as fo llow s:

P(S3~* S 4) = P ( 0 \  4, 5, 2, 0.2)

mutt 21 5 - 4 = 1  \

= H(0\4.5.2) + ^H(i\4,5.2) ( l - ( 0 .2 ) ' )
1=/

=  0.6 +  H (1 14,5,2) (1 -  (0.2)' )

=  0 .6 +  0.4 (0.8)

=  0.92

By using Equation 13 to  derive probabilities fo r all the transitions depicted in Figure 23 

a transition m atrix  can be constructed.
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So Sa S , s< S 5
So 0.9600 0.0400
Sa 0.8680 0.1200 0.0120
S , 0.8760 0.1200 0.0040
s4 0.9200 0.0800
S5 1.0000

The fundam ental m atrix is then generated fro m  the transition m atrix.

So Sa S 3 s4
So 2 5 .0 0 0 0 7 .5 7 5 8 7 .3 3 1 4 1 2 .1 3 3 4
Sa 7 .5 7 5 8 7 .3 3 1 4 1 2 .1 3 3 4
S 3 8 .0 6 4 5 1 2 .0 9 6 8
S 4 1 2 .5 0 0 0

The sum o f  the first row  o f  the fundam ental m atrix vields the average num be r o f  

inputs required fo r the STL, starting in  S o (no parameters have been set), to  enter the 

absorbing state Ss (all parameters have been set). Tha t sum here is equal to  52.0406. 

Tha t is, the S T L consumes approxim ate ly 52 sentences on average to set 5 parameters 

under the conditions specified.

There is at least one o ther approach that can be used fo r establishing the num be r o f  

sentences consumed by the STL. See appendix o f  this chapter, Section 4.5 fo r  details.
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4.4 T h e  F easib ility  o f  the  STL

Table 13 below  presents num erical results derived by fix in g  d iffe re n t values o f  r, e, and 

e. In  order to  make assessments o f  perform ance across d iffe re n t situations in  terms o f  

increasing rates o f  am biguity7, a practical measure o f  ambiguity7, a '  is em ployed w h ich  is 

directly derived fro m  e': a — 1 - e', and is presented in  Tab le  13 as a percentage (the 

p ropo rtion  is m u ltip lie d  by 100).

e a ' (%) r=15 r=20 r=25 r=30

1 20 62 90 119 150
40 83 120 159 200
60 124 180 238 300
80 249 360 477 599

5 20 15 22 29 36
40 34 46 59 73
60 144 176 210 245
80 3,300 3,466 3,666 3,891

10 20 14 18 23 28
40 174 187 203 221
60 9,560 9,621 9,727 9,878
80 9,765,731 9,766,375 9,768,376 9,772,740

15 20 28 32 37 41
40 2,127 2,136 2,153 2,180
60 931,323 931.352 931,479 931,822
80 .....over 30 billion......

20 20 - 87 91 95
40 - 27,351 27,361 27,383
60 - 90,949,470 90,949,504 90,949,728
80 - over 95 trillion

T a b le  13. Average num ber o f  inputs consum ed by the 
w a itin g -S T L  befo re  convergence. F ixed rate o f  
expression.

The numbers in  the table exh ib it some interesting patterns. F irst, note tha t the 

expected num ber o f  inputs needed increases quite s low ly  w ith  the num ber o f
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parameters (compared to  the num be r that the T L A  requires; see Figure 15 in  Chapter 

3). The S T L does n o t search the space o f  gram mars, b u t sets parameters one by one 

systematically, in  accord w ith  the Parametric P rinc ip le . However, the im pact o f  

am biguity is m uch sharper. A t  lo w  am biguity and a t lo w  expression rate, the sample 

size fo r convergence is small — even when r is large. B u t increasing am biguity and 

expression raises the sample size needed to  several hundreds o f  thousands o f  

sentences, and then in to  b illions , w hen both  am bigu ity  and expression are high. F igure 

24 displays this s trik ing  effect o f  am biguity on perform ance. The chart represents the 

num ber o f  sentences that the w a iting -S T L  can be expected to  consume as a func tion  o f  

increasing am bigu ity  in  a dom ain  where r is fixed at 20, and e is fixed at 10. Even o n  a 

logarithm ic scale, an accelerating increase in  the size o f  the in p u t sample can clearly be 

seen. Plots in co rpo ra ting  d iffe re n t fixed  values o f  ra n d  e show' a sim ilar increase.
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Figure 24. P erfo rm ance o f  the w aiting  S T L  p lo tted  o n  a 
logarithm ic scale o f  inputs consumed as am biguity  
increases, r is fixed  at 20 , and e at 10.

N o t as striking, but perhaps m ore surprising, is the effect o f  am bigu ity  on  the effect o f  

r. As am biguity increases, the rate o f  increase in  the num ber o f  sentences consumed 

increases w ith  respect to  the num ber o f  parameters. This is depicted in  Figure 25. The 

basic result it  that, at a high degree o f  am biguity, as the dom ain  size scales up, the 

num ber o f  sentences consumed by the S T L  escalates at a rate that is greater than linear 

in the num ber o f  parameters to  be set.
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Figure 25. T h e  effect o f  increasing ambiguity as dom ain  
size increases. T h e  num ber o f  parameters increases 
along the x-axis. T h e  num ber o f  sentences consum ed  
increases along the y-axis. e is fixed at 10. N o te  that the  
scale o f  the v-axis d iffers in each chart.

In  a h igh ly ambiguous dom ain the S T L  discards a devastatingly large num ber o f  inputs 

w a iting  fo r  reliable, unambiguous ones ( Figure 24). The basic e ffec t o f  am biguity is 

understandable, although its extent is remarkably extreme. B u t the fact that the 

parametrically principled S T L  doesn't keep the com plexity  o f  the learn ing task linear in
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the number o f parameters (Figure 25) runs con tra ry  to  the prim ary m otiva tion  fo r  the 

model — the Param etric Principle (set parameters, d o  n o t evaluate w ho le  grammars).

Both  o f  these results seem no t to  bode w ell fo r  the u ltim ate  success o f  the w a iting -S TL 

as a feasible m ode l o f  syntax acquisition. H o w eve r, as I  explain in  what fo llow s, 

incorporating a reasonable assumption about the in p u t sample in to  the probabilis tic  

analysis, the expected perform ance o f  the S T L  im proves  significantly. But first, i t  is 

in form ative to  discuss w h y  the fram ew ork as presented so far leads to predicting tha t 

the STL w ill consum e an extremely large num ber o f  sentences at rates o f  am biguity and 

expression approach ing  natural language. 50

By far the greatest am oun t o f  damage in flic ted  by  am b igu ity  occurs at the very earliest 

stages o f  learning. T h is  is because before any learn ing  takes place, the w a iting -S TL 

m ust (by d e fin ition ) w a it fo r  the occurrence o f  a sentence that is fu lly  unambiguous. 

Such sentences are bound  to  be extremely rare i f  the  expression rate and the degree o f  

am biguitv is high. F o r instance, a sentence w ith  20 o u t o f  20 parameters unambiguous 

w ill v irtually never occu r i f  parameters are am biguous on  average 99%  o f  the tim e (the 

probability  w o u ld  be (1 /1 0 0 )20).51

5,1 See Section 1.2 fo r b r ie f discussion on across language natural language ambiguity.
31 This can be derived from  Equation 2 when w =  e =  20. In this case, the (e') * term in the 
waiting-STL transition formula (Equation 13) becomes (e')c. That is, the proportion o f  
unambiguouslv expressed parameters (e^ is raised to  the total number parameters expressed
(c).
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A fte r  learning gets underway, S T L  perform ance increases dram atically — the generally 

damaging effect o f  am biguity' is m itigated. Because the S T L  sets parameters in 

accordance w ith  the param etric p rinc ip le , w ith  every successful learning event the 

num ber o f  parameters s till to  be set is decreased. Hence, the expression rate fo r  unset 

parameters decreases as learn ing proceeds. A nd  to be usable by  the STL, the only 

parameters that need to  be expressed unambiguously are those tha t have n o t yet been 

set. F o r example, i f  19 parameters have already been set, and e = r = 20 as in  the 

example above, the probability ' o f  encountering a usable sentence i f  parameters are 

ambiguous on average 99%  o f  the tim e and the inpu t sample consists o f  sentences 

expressing 20 parameters, is relatively high: (1 /100) 1 =  1 /100 .52

Clearly, the p robab ility  o f  seeing usable inputs increases rap id ly  as the num ber o f  

parameters that are set increases. A il that's needed, therefore, is to  get parameter 

setting started, so that it  can then begin to  pu ll the learner dow n in to  m ore com fortable 

regions o f  parametric expression. O nce parameter setting is underway, the waiting- 

S T L is extremely e ffic ien t.

Take as another example the situation that ensues when the am bigu ity  rate is 80% , e =  

10 and r  =  30. Table 13 indicates that 9,772,740 sentences can be expected to  be 

consumed before all 30 parameters are correctly set. H ow eve r 9,765,625 are 

consum ed before  a s ing le  param eter is set. Th is is because, a t the ou tse t o f

3_ This can be arrived at by plugging into Equation 13: vv =  1, t =  19, e =  20, and r =  20. 
This is equal to H(1119,20^20) (1/100)1 =  (1) (1/100).
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learn ing, there are o n ly  w o  trans itions th a t the system can make: S o  —► Sc o r  So 

—► So. T h a t is, the w a itin g -S T L  m ust w a it fo r  a fu lly  unam biguous trigge r b e fo re  

param eter se tting  com m ences, o therw ise  the system  rem ains in the state w here  n o  

parameters are set. W hen  tha t trigge r f in a lly  a rrives, the S T L  is able to  c o rre c tly  

set a ll  o f  the e param eters tha t are expressed. B u t be fo re  th a t m om ent, the S T L  is 

d iscard ing in p u t a fte r in p u t. T he  exact n u m b e r th a t are discarded can be 

determ ined by se ttin g  e (the num ber o f  param eters expressed) to  iv (the n u m b e r 

o f  new param eters th a t the learner can be expected to  set) in  Equation 13 w h ic h  

w ill yie ld the p ro b a b ility  o f  sh ift in g  o u t o f  S o: H  (10, 0, 30, 10) ( .2 )10 =  (1) (-2 )10 =  

0.0000001024. Since So is the s ta rting  state w ith  o n ly  tw o  trans itions S o —► Sc and 

So — » So, fu ll M a rkov ' technique need n o t be app lied . T he  w a itin g  tim e fo r  a 

successful event, o u t o f  an event space co n s is tin g  o f  success and fa ilu re , is equa l 

to  the recip roca l o f  the p ro b a b ility  o f  success. In  th is  case i t  is 1 /0 .0000001024  

w h ich  is exactly 9 ,765,625. A fte r the firs t 10 parameters have been set, learn ing 

proceeds extremely rapid ly, on ly 17,115 m ore sentences, on average, are needed to  set 

the remaining 20 parameters.

Figure 26 displays the mean number o f  sentences expected to  be consumed by the S T L  

in each state o f  the M arkov system after the firs t fu lly  unambiguous trigger is 

encountered (and causes the system to  sh ift from  S o  to  Sio). I t  should be noted tha t the 

num ber o f  sentences depicted in Figure 26 reflects an average that can be expected in  

the lim it over all possible scenarios. For a g iven learner and in pu t stream it  is
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indeterminate exacdv how  each arb itrarily  encountered batch o f  10 expressed 

parameters m ay lead to  setting new parameters. In  some cases 5 new parameters w ill 

be set, in  o the r cases 3 o r  perhaps 1 o r  zero may be set. T h is  explains the large peak 

when the learner is in  state S io. A l l possible in pu t streams (w h ich  conta in at least one 

fully unambiguous trigger) w ill eventually cause the learner to  atta in state S io whereas 

d iffe ren t selections o f  sentences may cause the learner to  'pass by1 states after S io. (F o r 

example the learner m igh t o r  m igh t n o t enter state S 17 depending on  the sequence o f  

sentences that have been encountered.)

I3
i
5 ?co 
i
I

’ 0 ! !  12 13 i«  IS 1S 17 19 19 20 21 22 23 2 *  2S 29 27 29 29

Stef* ripiCMnllng I  of p trp m tlir i sot

Figure 26. T h e  logarithm  o f  expected n u m b e r o f  
sentences consum ed bv the w a itin g -S T L  in each state 
after learning has started, e — 10, r  — 30, and e ' — 0 .2.

This also explains the S-shape o f  the curve. H  ( fro m  E qua tion  13) represents the 

d is tribu tion  o f  the p robab ility  o f  seeing w new, currendy unset parameters regardless o f  

whether they are expressed am biguously o r not. T he  d is tr ib u tio n  o f  H  is no t u n ifo rm  

(it is hypcrgeom etric, see foo tno te  49 above). In  the beg inn ing  o f  learning, just a fte r
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the firs t fu lly  unambiguous trigger, the p robab ility  tha t the S T L w ill encounter a 

sentence expressing on ly  one new parameter is s ign ifican tly  low er than the p robab ility  

that it  w ill encounter a sentence expressing 5 o r  6. T he  e ffec t o f  this can be seen in  

the peak at S 13. Bv the same argument, learning slows d o w n  near the end, just before  

the last few parameters are set. I f  there are 29 parameters set, and 30 total to be set, 

m ore sentences are consumed w a iting fo r  a usable sentence w h ich  expresses exactly 

that one last parameter value than are consumed in  the m idd le  o f  the time course 

where fo rw ard  progress can be made because a po ten tia lly  usable sentence (that 

expresses any number o f  unset parameters) is m ore like ly  to  be encountered.

F or the w a iting -S T L  m odel o f  acquisition to  be considered feasible, its near paralysis at 

the outset o f  learning (under the like ly assum ption tha t natural language exhib its 

relatively h igh degrees o f  expression and am biguity, see Section 1.2 ) m ust be 

overcome. In  fact, there exists a refinem ent o f  the p robab ilis tic  fram ew ork that allows 

fo r a dem onstration o f  faster learning under w ha t m ay prove to  be a more realistic 

abstraction o f  true hum an language acquisition. I t  puts in  place a m ethod fo r  

incorpora ting  d is tribu tiona l assumptions about the shape o f  the input sample 

encountered by the learner. W hen there is a u n ifo rm  d is tr ib u tio n  o f  expression, ra ther 

than the expression being fixed, the w a iting -S TL is an extrem ely e ffic ien t learner. O f  

course, it  remains to  be determ ined whether o r  n o t this assumption o f variable 

expression rates across sentences is characteristic o f  natura l languages.
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4.4.1 Overcom ing the Problem  o f E arly A m biguity

4.4.1.1 A ssum e a D istribution o f Expression Across the Input Sam ple.

So far e has, fo r  convenience, been taken to  be fixed across all sentences o f  the target 

language. In  tha t case, when e — 10 the learner w ill have to  w a it fo r  a sentence w ith  

exactly 10 unam biguously expressed parameters in  order to  get started on  learning, and 

as discussed above, that can be a very lo n g  wait. But i f  we take the value o f  e to  vary 

across sentences, (rather than fix  e), then the learner w ill encounter some sentences 

which express fewer than 10 parameters, and w h ich are correspond ing ly m ore like ly to 

be fu lly  unambiguous.

A nv d is tribu tion  o f  e can be applied to  the fram ework that models S T L  performance. 

Let D f x )  denote the probability  d is tr ib u tio n  o f  expression o f  the in p u t sample; that is, 

the p robab ility  that an arbitrarily chosen sentence from  the in p u t sample I  expresses .v 

parameters. F o r example, i f  D j  imposes a uniform53 d is tribu tion , then  2)/(-v) =  1 / emax 

where even' sentence expresses at least 1 parameter and e max is the m axim um  number 

o f  parameters expressed by any sentence.

G iven D r  the new  transition probab ility  P'(S t—► St-~v) =  P'(w\t,r,emax,e') is calculated as: 

E q u a tio n  16 P ' (w  \ t, r . e ^  ,£?’ )  =  £  D ,  ( / )  P ( w \ t , r , i , e ’ )

”  A  uniform distribution is one in which all outcomes are equally likely. For example, the 
distribution o f  the outcomes o f  a single die ro ll is uniform because each possible outcome is 
equally likely (=  1 /6 ).
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where P is defined as in  E quation  13 above and emjx represents a maximum  num ber o f  

parameters that a sentence may express instead o f  a fixed num ber fo r  all sentences.

T o  see whv E quation  16 is valid, consider that to set exactly w new  parameters at least 

»' must be expressed in  the curren t in p u t sentence. A lso  usable (to set w new 

parameters) are sentences tha t express m ore (than »') parameters (w '+ l, » '+2, u>+3, . . . ,  

fw_.v.) because the parameters expressed by the current in pu t sentence may overlap w ith  

the parameters tha t have already been set. Thus, the probability7 o f  setting w new 

parameters is s im ply the sum o f  the probabilities that a sentence expressing a num ber 

o f  parameters, /, fro m  w to  is encountered by the S T L  ( =  £ ) /( /) ) ,  times the 

probability7 that the S T L  can set exactly w additional parameters g iven /. Table 14 

presents num erical results derived by fix in g  r  and a' and a llow ing  e to  v a n 7 un ifo rm ly 

from  0 to tWv. A s in  Table 13 above, a practical measure o f  am biguity, a \ is employed 

which is directly derived fro m  e'\ a ' = 1 - e, and is presented in  Tab le  14 as a percentage 

(the proportion  is m u ltip lied  by 100).
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6max a'<% ) r=15 r=20 r=25 r=30

1 20 124 1 8 0 2 3 8 3 0 0
40 166 2 4 0 3 1 8 3 9 9
60 249 3 6 0 4 7 7 5 9 9
80 498 7 2 0 9 5 4 1 198

5 20 28 4 0 5 3 6 7
40 46 6 5 8 6 10 7
60 89 1 2 4 161 199
80 23 5 3 2 4 4 1 7 511

10 20 17 2 4 3 2 4 0
40 40 5 5 7 0 8 6
60 102 1 3 7 17 3 2 0 9
80 323 4 3 0 5 3 8 6 4 8

15 20 15 21 2 7 3 3
40 46 6 2 7 7 9 3
60 134 1 7 6 2 1 9 2 6 2
80 447 5 8 6 7 2 6 8 6 8

2 0 20 2 0 2 6 3 2
40 7 4 91 109
60 2 2 3 2 7 5 3 2 7
80 7 5 5 931 1 108

T a b le  14. Average num ber o f  inputs consum ed bv the
w a itin g -S T L  before convergence. U n ifo rm ly distributed
rate o f  expression.

Clearly, the w a iting -S T L  can be expected to  feasib ly attain the target consum ing a 

reasonable num ber o f  sentences given the values fo r  expression, relevance and 

am biguity presented in  Tab le  14. N o te  particu la rly  tha t increasing emax has far less 

effect than increasing e in  Tab le  13. W hen =  20, the mean value o f  e is equal to  10. 

Hence, the lowest b lo ck  (o f  rows) o f  Table 14 can be usefully com pared w ith  the 

m iddle b lock o f  Tab le 13 (in w h ich  the expression rate, e, is fixed at 10). Variable 

expression is clearly beneficial.
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However, the e ffe c t o f  am bigu ity  on  learning e ffic iency is s till substantially greater than 

linear. Figure 27 plots S T L perform ance as a fu n c tio n  o f  increasing ambiguity- on  a 

logarithm ic scale.
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Figure 27. Perform ance o f  the w a iting  S T L  p lo tted  on a 
logarithm ic scale o f  inputs consum ed as ambiguity 
increases, r  is fixed at 20, and e is u n ifo rm ly  distributed  
fro m  0 to 10.

Compared w ith  the fixed d is tr ibu tion  consum ption fo r  the same values o f  expression 

and relevance depicted in  Figure 24, a slower rate o f  increase is indicated, bu t s till the 

increase in perform ance is exponentia l in the ambiguity- rate.

G iven this sharp increase, it  is necessary to p e rfo rm  the calculations on  m ore extreme 

values, in  o rde r to  determ ine the upper bound  on ambiguity- tha t delineates a 

manageable in p u t dom ain fo r  the w a iting-S TL m odel.
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emai a' (%) r=30 r=40 r=50
2 0  9 0  2 ,7 6 7  3 ,6 5 6  4 ,5 4 9

9 9 .9  3 3 ,1 5 7  4 3 ,8 2 5  5 4 ,5 3 2
9 9 .9 9  3 3 7 ,3 4 8  4 4 5 ,8 8 6  5 5 4 ,8 3 2

9 9 .9 9 9  3 ,3 7 9 ,2 8 1  4 ,4 6 6 ,5 3 7  5 ,5 5 7 ,8 7 7
9 9 .9 9 9 9  3 3 ,7 9 8 ,6 1 6  4 4 ,6 7 3 ,0 4 7  5 5 ,5 8 8 ,3 2 5

9 9 .9 9 9 9 9  3 3 7 ,9 9 1 ,9 6 7  4 4 6 ,7 3 8 ,1 5 3  5 5 5 ,8 9 2 ,8 1 4

Tab le  15. A verage num ber o f  inputs consum ed by the  
w a itin g -S T L  before  convergence. U n ifo rm ly  d istributed  
rate o f  expression. N o te  that results fo r r= 4 0 , r= 5 0 ,  
and r = 60  w ere  n o t presented in previous tables.

Tabic 15 shows the average num ber o f  inputs consumed as ambiguity reaches 

extremely high levels when the expression rate per sentence u n ifo rm ly  varies from  0 to  

20. G iven the exponentia l e ffec t o f  ambiguity, the model perfo rm s surprisingly well at 

relatively high levels o f  ambiguity*.

r=60
5 ,4 4 6

6 5 ,2 6 9
6 6 4 ,0 6 4

6 ,6 5 2 ,0 7 1
6 6 ,5 3 2 ,1 4 7

6 6 5 ,3 3 2 ,9 0 7
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For example, w h en  there is a 99.999%  chance o f  a parameter being ambiguous, 

(equivalently a p robab ility ' o f  1/100,000 o f  a parameter being expressed 

unambiguously) and 60 parameters need to  be set, the w a iting -S TL requires a 

manageable num be r o f  sentences (between 6 and 7 m illio n ) tha t is verv roughlv in  line 

w ith  the num ber a ch ild  m igh t be expected to  hear (H a rt and Rislev, 1995). Perhaps 

even more notable is tha t there is a linear (non-exponentia l) increase in  the num ber o f  

sentences consum ed, even at a high rate o f  ambiguity'. T h is  is depicted in  Figure 28.

700 - 

600 - 

500 •
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g 400 - 
c 
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“  300 - at

200  -

100 -
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In  summary: T o  avo id  the ine ffic iency due to  m aking and correcting errors, a w a iting- 

STL waits fo r  fu lly  unam biguous in p u t to learn from . I  have shown that this can result

20%  Ambiguity 
40%
60%
80%

2015 25 30
# Parameters

Figure 28. T h e  effect o f  increasing am bigu ity  as dom ain  
size increases, e is distributed from  0 to  10.
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in very slow rates o f  learn ing w hen parametric expression is fixed. But, this problem  is 

n o t equally severe across the board. The generally dam aging e ffect o f  ambiguity is 

absent at low er expression rates. I t  turns ou t that hum ble  sentences that reveal on ly  a 

few parameter values are the m ost useful fo r a learner seeking reliable in form ation.

Th is is im portan t because expression rate is the one fac to r tha t m igh t occasionally be 

low  in real life  learning. T h a t there is a high degree o f  param etric ambiguity" in natural 

languages seems undeniable. A nd , though lingu istic research m igh t prove otherwise, 

there seems little  hope tha t the num ber o f  syntactic parameters relevant to a language 

w ill be reduced to  less than a dozen. So there is n o t m uch  prospect o f  an im provem ent 

in  learning effic iency due to  a reduction o f  e ither ambiguity" rate o r  tota l number o f  

parameters to  be set. B u t it  does seem possible, even likely, tha t the expression rate 

may vary across the sentences o f  natural languages. Those w h ich  express a low  

num ber o f  parameters shou ld  have a beneficial e ffect on  learn ing speed, particularly at 

the early stages o f  learn ing where the degree o f  param etric am bigu ity  is at its greatest.

W hether there are such sentences that a ch ild  m ig h t encounter, w h ich  exhib it low  

expression rates m ust be determ ined by em pirical research on  child-d irected language. 

B u t it  seems reasonable to  suppose that this is true. A t  least some o f  the 4 o r 5 w o rd  

sentences that early learners encounter surely do  n o t exh ib it every syntactic 

phenom enon in  the language. F o r instance, there are early child-d irected sentences
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that conta in negation, o r ove rt W H -m ovem en t, o r  a subordinate clause, b u t probably 

few that invo lve them all.

4.5 A ppendix

An alternative m ethod fo r  determ in ing  the num ber o f  sentences expected to be 

consumed by the S T L is to  d irectly sum the num ber o f  sentences consumed in each 

state. L e t E(S,) represent the expected num ber o f  sentences tha t w ill be consumed in  

state Si. E  is given by the fo llo w in g  recurrence relation:

EiŜ 177

where P(S,—► S,) is given by Equation 13 earlier in  the chapter. T h e  expected total is 

simply:

E,nl = E ( S 0) + SECS,)
t ~ c

w hich is equal to  the expected num ber to  be consumed before any parameters have 

been set (=  E(SoJ) plus the num ber expected to  be consumed afte r the firs t successful 

learning event (at which p o in t the learner w ill be in  state Se) sum m ed w ith  the number
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o f  sentences expected to  be consumed in  ever}' other state up to  the state just before 

the target is attained ( S r.j).

A lthough  no t in closed fo rm , i t  is easy to  solve E tot using dynam ic program m ing.

T o  derive the form ula that allows fo r  a d is tr ibu tion  to be placed o n  e, replace P by P' as 

given in  Equation 16.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



130

5 D iscussion  and D irections

T he  results presented in  the dissertation p rov ide  in d ire c t evidence that fo r  tw o  very 

d iffe ren t models, learn ing performance d iffe rs  w ide ly  in  domains w ith  d iffe ren t 

d istribu tions o f  am biguity. T w o  factors emerge tha t exponentia lly a ffect the 

perform ance o f  syntax acquisition:

•  the size o f  the param eter space, and

•  the degree o f  param etric ambiguity 54

F o r the T L A  the size o f  the parameter space poses a m ajor hurdle in  the case that 

am biguity is d is tribu ted  evenly throughout the dom a in  — the T L A  pe rfo rm s notably 

worse than a learner tha t b lind ly guesses gram m ars at random, even at rates o f  

am biguity m ost favorable to  T L A  performance. T h e  num ber o f  sentences required to 

converge on the target is hence greater than 2 n where n equals the num ber o f  

parameters that need to  be set. However, w hen the ambiguity’ is d is tribu ted  so that a 

sm ooth dom ain ensues (i.e. the probability  o f  a successful parse is n o t u n ifo rm , i t  is 

h igher the closer a gram m ar is to  the target gram m ar), the damaging effect o f  am biguity 

is curtailed. A t  least as long as the num ber o f  parameters is modest, the T L A  can 

acquire the target g ram m ar consum ing a reasonable num be r o f  inpu t sentences.

54 Including the effect o f  expression rate on ambiguity.
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T w o  potentia l concerns are not alleviated by th is  result. First, although the absolute 

num ber o f  sentences consumed by the T L A  is reasonable, an exponentia l trend is 

exhibited. I f  the num be r o f  parameters that is required to  accurately describe hum an 

language is greater than 30 (the largest dom a in  tested in  the dissertation), fu rthe r 

research w ou ld  be needed to determ ine i f  the num be r exceeds the p o in t at w h ich  an 

exponential exp los ion  occurs. I t  cou ld  be, fo r  instance, that the T L A  is a feasible 

m odel in sm ooth  dom ains o f  up to  39 parameters, bu t a clearly infeasible one in  a 

dom ain o f  40. Second, the result ( fo r  s trong ly  sm ooth  domains w ith  30 o r  fewer 

parameters) is co n tin gen t on  there being a language dom ain  in which languages tha t are 

parametrically s im ila r share an extremely large n u m b e r o f  sentence types. T h a t is, there 

needs to be a h igh  degree o f  overlap between the languages generated by ne ighboring 

grammars in the gram m ar space. Again, i f  the T L A  is to  be considered a feasible 

model, fu ture research w o u ld  be required to  de term ine i f  natural languages c o n fo rm  to 

the experimental boundaries w ith in  which e ffic ie n t T L A  performance was observed. 

In  respect to  language overlap, however, this seems unlike ly.

F o r the w a iting -S T L , the Parametric Princip le prevents the effect o f  the dom ain  size 

fro m  dom ina ting  perform ance. However, a h igh  degree o f  parametric am bigu ity  is 

cripp ling. T h a t is, as the rate o f  ambiguity' increases, the S T L  requires an exponentia lly 

increasing num be r o f  sentences in order to atta in the target grammar. As the degree o f  

cross-language am b igu ity  in  natural language rises above a modest am ount, the num ber 

o f  sentences consum ed by the S T L  rapidly' escalates at an unmanageable rate.
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However, as fo r the T L A , there is a m itigating circumstance in  w h ich the S T L  can be 

expected to  consume a reasonable num ber o f  inputs. W hen the num ber o f  parameters 

that are expressed per sentence can vary across the sentences o f  the inpu t sample so 

that there are some sentences w ith  little  o r  no am biguity, there is a striking 

im provem ent in S T L  perform ance. So, even at extrem ely high rates o f  am biguity the 

S T L can be considered a feasible learning model.

S till, as w ith  the T L A , there are several potentia l concerns. First, i t  may be that the 

degree o f  param etric am bigu ity  in  hum an languages approaches 100%. T ha t is, there 

may be very few ( i f  any) sentences that belong to  the target language and the target 

language alone. I f  th is is indeed the case, the STL is effective ly paralyzed at the outset; 

the first parameters w o u ld  be nearly impossible to  set. Second, although varying 

parametric expression rate across sentences allows the Parametric Principle to  keep the 

effect o f  the dom ain size in  check (relative to the e ffec t o f  dom ain size on T L A  

performance), there is still an accelerating increase in  the num ber o f  sentences that are 

consumed in  dom ains where the expression rate is fixed and the am biguity rate is high. 

I f  psycholinguistic research reveals that this is indeed the case — that in  human 

language, the num ber o f  parameters expressed fluctuates by very little  and the 

am biguity rate is h igh — the study presented here w o u ld  have to  be tuned to match the 

psycholinguistic data in  o rde r to  determine i f  the S T L  is feasible under these 

conditions.
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A  tw ofo ld  p icture  can be constructed fro m  the STL and T L A  feas ib ility  studies. First, 

given the w ide breadth o f  factors tha t create hospitable learn ing env ironm ents fo r the 

d iffe rent learners (e.g. smoothness fo r  the T L A , varying expression fo r  the STL) it  

seems very un like ly that any one parameter setting a lgorithm  co u ld  be devised that 

perform s well in  all possible domains. In  o ther words, the evidence suggests that there 

is no acquisition m ode l that exhibits superior perform ance across a broad range o f  

possible learning scenarios. I  call this the Mo Best Strategy Conjecture: Mo

learning strategy is generally the most effective for setting syntactic parameters 

across all ambiguous domains. 53

Second, the e ffect o f  ambiguity- on  learning performance is extremely sensitive to the way in 

which the ambiguity emerges. A n y  com putationa l fram ew ork that is em p loyed  to simulate 

language acquisition requires that certain variables (e.g. (X, X, a, e, etc.) be in  place that 

define the in pu t sample presented to  the learner. The precise fo rm u la tio n  o f  these 

variables shapes the d is tr ibu tion  o f  ambiguity, w h ich  in  tu rn  affects learning 

performance. Certa in  d is tribu tions prevent feasible learning w h ile  others allow it. 

W ith in  the class o f  all possible learn ing situations, both  the S T L  and the T L A  have sweet 

spots - where the shape o f ambiguity is favorable to  learning perform ance. I t  is noteworthy

”  This follows the sp irit o f  Schaffer's Law o f  Conservation o f  Generalization (1994) which 
applies to classification learners. Roughly, the result indicates that identify ing the correct 
category o f  a datum that the learner has not been trained on (by generalizing from other 
data) is a "zero-sum enterprise" —  fo r even- learner, positive performance in some class o f 
learning situations is offset by equally poor performance in others. O f  course, the N o Best 
Strategy Conjecture is concerned w ith efficiency, not accuracy.
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that these situations are narrow ly  circumscribed; sm all changes in the relevant variables 

result in large changes in  perform ance outcomes.

Together, this sens itiv ity  and the N o  Best Strategy C onjecture strongly suggest that 

knowledge o f  successful perform ance in one a rtific ia l dom a in  can n o t be used to  argue 

fo r an algorithm 's v ia b ility  as a m odel o f  true natural language acquisition. A ttem p ts  at 

discovering the m echanism  o f  hum an language acqu is ition  through com putational 

modeling m ust be coup led  w ith  a detailed analysis o f  the shape o f  am biguity in  in pu t 

samples typically encountered by children. The results presented here con tribu te  to  a 

grow ing body o f  research ind ica ting  that param eter setting is a d iff ic u lt and subde 

enterprise. They also underline the fact tha t w h e th e r a particular acquisition m odel 

ultimately succeeds o r  fails w ill depend on the exact cond itions  under w h ich the m odel 

performs w e ll and the  extent to w h ich  those favorable conditions are in  line w ith  the 

facts o f  hum an language.
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